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Advanced energy benchmarking in residential buildings, using data-driven modeling, provides a fast, accurate,
and systematic approach to assessing energy performance and comparing it with reference standards or targets.
This process is essential for identifying opportunities to improve energy efficiency and for shaping effective energy
retrofit strategies. However, building professionals often face barriers to adopting these tools, mainly due to the
complexity and limited interpretability of data-driven models, which can negatively affect decision-making.

In order to contribute in addressing these issues, this study combines data-driven modeling with Explainable
Artificial Intelligence (XAI) techniques to advance energy benchmarking analysis in residential buildings and
enhance their usability by also non-expert users.

The proposed process focuses on estimating primary energy demand for space heating and domestic hot water in
residential building units, extracting knowledge from about 49,000 Energy Performance Certificates (EPCs) issued
in the Piedmont Region, Italy. The effectiveness of five machine learning algorithms is assessed to select the most
suitable estimation model. Then to ensure the trustworthiness of the selected model, a XAl layer is implemented
to identify and remove input variable domain regions that demonstrated to be critical for the robustness of the
inference mechanism learnt in the training phase. Moreover, the study assesses the model capability to evaluate
building energy performance, examining both the current state and potential scenarios for energy retrofitting. A
second XAI layer is then introduced to provide local explanations for model estimations of both pre- and post-
retrofit conditions of a building. The final aim is to enable an external benchmarking analysis, by extracting
from the analysed EPCs reference groups of similar buildings, that facilitate a performance comparison for the
investigated retrofit scenarios. This energy benchmarking process promotes transparent and informed decision-
making, aiming to instill confidence in final users when leveraging data-driven models for energy planning in the
building sector.

1. Introduction The use of simulation tools has emerged as the primary approach for

assessing the energy performance of buildings against a calculated tar-

Buildings account for approximately 30% of global energy use and
26% of energy-related emissions [1], underscoring the sector’s potential
to drive substantial energy reductions and support ambitious decar-
bonization goals.

Energy management tools, including energy benchmarking, enable
the development of targeted energy-saving strategies for buildings, guid-
ing tailored actions toward credible performance goals. A benchmarking
system primarily aims to systematically assess the energy performance
of a building or system and compare it to a reference baseline, estab-
lished through physics-based simulations, data-driven models, or hybrid
approaches.
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get and exploring options for energy improvements [2]. While effective
in delivering reliable results in data-scarce contexts, such as the design
phase, applying these tools to larger scenarios (e.g., extensive build-
ing stocks) demands substantial time and effort for modeling, as well
as comprehensive, structured input data, which is often unavailable at
scale.

Conversely, the literature commonly references data-driven bench-
marking methods, including both statistical models and data analytics
techniques, as powerful scalable tools for characterizing building en-
ergy performance across various time scales (yearly, monthly, daily,
hourly) and at increasing spatial levels of analysis, ranging from indi-
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vidual building systems to district, city, regional, and national scales
[3,4].

As a reference, authors in [5] highlighted the potential of data-driven
approaches for the prediction and classification of building energy con-
sumption patterns, specifically for conducting energy profiling analysis,
and mapping analysis on regional scale. In [6] a multilevel Bayesian
model was used to analyze commercial building energy consumption in
Europe, incorporating factors such as country, building type, and cli-
mate to estimate energy consumption intensity distributions for bench-
marking. In [7], an analytics pipeline was introduced for benchmarking
electrical energy consumption in office and education buildings, exploit-
ing annual energy consumption time series to derive Key Performance
Indicators (KPIs) for comparative assessment. In [8], the authors pro-
posed a general approach for benchmarking building energy consump-
tion and carbon emissions, using eleven years of real-world data from
twelve cities in the United States. Eventually authors in [9], introduced a
scalable room-level energy benchmark using real-time data from 25,000
houses in Germany, categorizing five reference energy usage by space
attributes, hourly patterns, and equipment types.

These studies underscore the value of data-driven methods in devel-
oping energy benchmarking processes across multiple buildings. They
emphasize the capability of data-driven approaches to (i) accurately
assess and describe actual building performance, (ii) identify large-
scale energy performance patterns, and (iii) manage extensive building-
related datasets.

Given the rapid increase in both stored and publicly available data
within the building sector, data-driven approaches are increasingly
becoming the standard for developing building energy benchmarking
tools.

Public datasets, including Energy Performance Certificates (EPCs),
are crucial for characterizing building stocks and energy benchmarking
processes [10,11]. As a reference, authors in [12] assessed the energy
performance of buildings in the city of Valencia by analyzing about
130,000 EPCs, identifying poor energy performance areas and highlight-
ing the EPC role in diagnosing building efficiency and guiding policy im-
provements. Similarly, in [13] was introduced an energy benchmarking
analysis based on EPCs to classify urban areas in Emilia Romagna (Italy)
according building performance then supporting targeted retrofitting
efforts [13]. An advanced Urban Building Energy Modelling (UBEM)
framework expliting EPC data was introduced in [14] to predict res-
idential heating loads with high accuracy. In Sweden, the analysis of
186,021 EPCs for commercial buildings demonstrated the positive im-
pact of stringent building codes on energy efficiency [15]. Similarly,
EPCs issued in Salzburg were used in [16] to categorize residential build-
ings by age, retrofit status, and type, providing insights into the building
stock energy performance.

The literature shows that researchers widely use EPC datasets for var-
ious energy benchmarking tasks, especially in developing data-driven
models to estimate building energy performance [17].

In this sense, the study in [18] offers an overview of effective ma-
chine learning methods for analyzing extensive EPC datasets, identifying
factors affecting building energy performance and categorizing methods
into automatic evaluation and retrofit assessment applications. A refer-
ence example is provided in [19], where authors developed a regression
model using an artificial neural network (ANN) to estimate heat de-
mand from EPCs in Lombardy, Italy. Similarly in [17] it was introduced
a two-step process that employs several machine learning algorithms to
classify and estimate energy demand of residential buildings, with vali-
dation on 90,000 EPCs from Piedmont, Italy [17].

Tsoka et al. presented a novel approach using ANN models to classify
building EPC labels, achieving high precision with sufficient data from
Italian EPCs in Lombardy [20]. Additionally, Aratjo et al. combined
machine learning with multi-objective optimization on Portuguese EPC
data to develop a tool for estimating energy needs and recommending
cost-effective retrofitting options [21]. Eventually, Seyedzadeh et al. in-
troduced a decision tree model for the rapid estimation of the Building
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Emission Rate (BER), aiding in the optimization of energy retrofit plan-
ning for non-domestic buildings in the UK [22].

The increasing focus on data analytics and machine learning arises
from their effectiveness in accurately estimating building energy perfor-
mance and capturing the influence of various features on energy needs
[23]. Consequently, these techniques are widely used also to evaluate
the feasibility and impact of a refurbishment plan and for suggesting the
best energy saving interventions accordingly [24].

In this context, data analytics-based energy benchmarking tools are
becoming essential for policy makers [17,25] that need to leverage ro-
bust and accurate estimations to have a clear picture on the energy
performance of a building stock and then define a credible implementa-
tion plan for retrofit actions.

Despite these advantages, building professionals often remain skep-
tical about data analytics-based tools, mainly due to the lack of clar-
ity and transparency in the mechanisms behind advanced estimation
models. [3,4]. Non-expert users need more than the output of an es-
timation model; they require thorough explanations to improve their
understanding and confidence in the decision-making process based
on that prediction. Consequently, prioritizing transparency and incor-
porating a “human-in-the-loop” approach in the development of data
analytics-based tools that can offer detailed feedback on the rationale
behind specific predictions, including strong evidence for and against
them, is becoming increasingly crucial [26-30,24,3].

In this perspective, Explainable artificial intelligence (XAI) is an
emerging field that improves the usability of advanced models for
non-experts by bridging the gap between model complexity and in-
terpretability [27,29,31,4]. Given the interpretation barriers faced by
building professionals using sophisticated machine learning techniques,
XAI offers a valuable solution for harnessing their full potential.

Based on the outlined motivations, this study aims to achieve the
following objectives towards the development of an interpretable en-
ergy benchmarking system tailored for applications in large residential
building stocks.

The first goal of the study is the development of a regression model
capable of estimating the primary energy demand for space heating and
domestic hot water production for residential building units starting
from a large set of EPCs collected in Piedmont Region (Italy). This task
is accomplished by testing and comparing the prediction performances
of five different machine learning algorithms i.e., K-Nearest Neighbours,
classification and regression tree, Bayesian additive regression tree, Ex-
treme Gradient Boosting tree, MultiLayer perceptron artificial neural
network.

The second objective aims to introduce a XAI layer, upon the devel-
oped estimation model, to assess its output trustworthiness, defined in
the literature as the confidence of whether a model will act as intended
when facing a given problem [32]. In particular, by means of the accu-
mulated local effects analysis, variable domain regions that are critical
in terms of consistency of model estimations are identified and evalu-
ated for being excluded from the dataset and then train/test again the
selected regression model.

The third objective is to define a set of retrofit actions and trans-
parently assess their consequent impact on energy savings using the
developed regression model. To this purpose, a second XAI layer (based
on permutation feature importance, and breakdown analysis) is devel-
oped to provide the final user with local explanations of the model
estimations for both pre- and post-retrofit conditions. This approach en-
ables users to practically understand how the model produces specific
predictions and how each input variable contributes to the reduction of
building primary energy demand in a given retrofit scenario.

The final objective is to identify reference groups of buildings in
the EPC dataset using the K-means clustering algorithm, enabling ex-
ternal benchmarking analysis. This approach allows to benchmark
the predicted performance of a building unit, both pre- and post-
retrofit, against a set of similar peers using a user-defined performance
score.
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Aligned with the aims of this paper, Section 2 reviews and exam-
ines literature on the application of XAI and analytics processes to im-
prove the interpretability and trustworthiness of data analytics-based
solutions, focusing on the energy domain. Section 3 then presents the
contributions of this study and explores the innovative elements intro-
duced.

2. Related works

Recent advances in machine learning and deep learning have sig-
nificantly enhanced the performance of data-driven Decision Support
Systems (DSS), which often exploit predictive analytics to assist users in
tasks such as energy management in buildings.

However, understanding the rationale behind predictions made by
advanced data-driven models is increasingly becoming a critical aspect
for various areas of implementation, particularly when DSS decisions
need to be transparent and fair.

This objective aligns with the primary aim of XAI [33,31], which pro-
vides new opportunities for effectively exploiting predictive analytics
solutions while preserving interpretability, trustworthiness and credi-
bility of their results [33-35,31].

XAI tools are widely explored across various fields [36,31,37]. In
the medical domain [38,39], education [40-42], transportation [43,44],
and finance [45,46], XAI applications demonstrate their broad appli-
cability. Several researches have investigated the use of XAI also for
applications in the energy field. As a reference, an experimental study
reported in [47] used a Telegram bot to combine real data with human
feedback, resulting in a 19% increase in acceptance of energy-saving
recommendations when economic and ecological factors were clearly
explained. Similarly, [48] and [49] demonstrated the benefits of XAI
tools in improving the interpretability of electrical load and energy con-
sumption forecasting models. The former emphasized the importance
of transparency in predictive models, while the latter highlighted XAI’s
role in robust input variable selection, proposing a methodology that
categorized variables into Strong, Ambiguous, and Weak groups. Mod-
els using variables from the Strong + Ambiguous or Strong groups alone
achieved higher prediction results.

The application of the XAI technique SHapley Additive exPlana-
tions (SHAP) in [50] allowed for the assessment of feature impor-
tance in day-ahead electrical load prediction models. XAI techniques
with logistic regression and XGBoost model were instead used to
quantify occupant response to influencing factors of window adjust-
ment behaviour in buildings [51]. Meanwhile, authors in [29] pre-
sented a benchmarking framework leveraging XAI tools to classify
residential buildings into different energy performance classes. This
framework combined local explanations with clustering analysis to
interpret results and enhance the trustworthiness of the estimation
model.

Eventually, authors in [20] proposed an approach for classifying
building energy performance using ANN models. By employing XAI
tools such as Local Interpretable Model-Agnostic Explanations (LIME)
and SHAP values, authors were able to reduce the number of input fea-
tures without significantly impacting model performance, maintaining
an overall accuracy over 80%. The studies above discussed collectively
emphasize the potential of XAl in enhancing different aspects pertaining
predictive analytics. The most relevant tasks, retrieved from the litera-
ture [52,37], that can be performed by means of a XAl-based process
can be summarised as follows:

+ Outline the model inference mechanism in terms of how features
influence its outcomes;

+ Identify the most significant features and those that have less im-
pact;

 Explain how the features of a specific instance drive the model pre-
diction for that instance.
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Detail which features of the instance lead to its current prediction
and what modifications could shift the prediction to a different out-
come.

Point out which features, if modified (whether increased, de-
creased, removed, or introduced), might change the prediction to
an alternate result.

Describe the specific features, ranges of features, that ensure a con-
sistent prediction.

Identify the model key advantages and potential drawbacks.

In this perspective, the following section outlines the primary contribu-
tions and the novel elements this research seeks to bring towards the
development of a building energy benchmarking system enhanced by a
generalizable integration of XAI layers.

3. Novelty and contribution

The present work introduces a building energy benchmaking method-
ology that integrates XAI layers to enhance its interpretability and
trustworthiness. The data-analytics based process behind the developed
tool makes use of EPCs data and advanced machine learning algorithms
to estimate in an accurate way the primary energy demand of building
units both in pre- and post- retrofit conditions. The main goals of the
XAl layers introduced are: (i) to maximize model trustworthiness identi-
fying domain regions where the inference mechanisms of the model are
not robust, (ii) provide local explanations of the obtained predictions
that are consistent within a retrofit scenario (i.e., ensure consistency
between the interpretations of pre- and post- retrofit predictions of the
building performance).

In this context, the paper introduces the following innovative as-
pects:

The proposed energy benchmarking framework enables the use of
data analytics algorithms for estimating building energy perfor-
mance and assess the impact of retrofit actions, regardless of their
level of complexity and interpretability.

The use of a specific XAI analysis, i.e., Accumulated Local Effect
analysis, is proposed to enhance the trustworthiness of the esti-
mation model. Specifically, it is used to check the existence of
domain regions of the input variables where the knowledge learnt
by the model is not compliant with the physics of the analysed prob-
lem.

A local explanation algorithm, i.e., breakdown analysis, is used to
support end-users in the interpretation of model predictions. Specif-
ically, it supports the interpretation of how the improvement of
some building features impacts on the primary energy demand. In
addition, a process to initialize the breakdown analysis is proposed
to keep the consistency between pre and post retrofit explanations
for the same building.

An unsupervised clustering analysis is performed to extract groups
of similar buildings from the analysed building stock to obtain refer-
ence statistical distributions of the primary energy demand. Those
reference distributions are then used to externally benchmark the
energy performance in both pre and post-retrofit conditions of a
building.

The rest of the paper is organized as follows: Section 4 introduces and
describes the case study, Section 5 offers a comprehensive review and
theoretical explanation of the data analytics and XAI methods employed
in this analysis. In Section 6, the proposed methodological framework is
introduced and described. Subsequently, Sections 7 and 8 present and
analyze the obtained results, while Section 9 provides concluding re-
marks and outlines the next steps in this field of research.
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Fig. 1. Distribution analysis of the building referred to (a) building use, (b) energy service, (c) property type and (d) the number of systems installed for each building

related to the energy service.
4. Case study and analysed dataset

The analysed dataset consists in EPCs issued between 2019 and 2021
for buildings located in Piedmont region (Italy). On the basis of previous
studies conducted on EPCs [29,14,16,17,22,23], four main categories
of input variables can be identified: (i) Geometry, (ii) Envelope, (iii)
Climate and (iv) System. The variables that belong to the category “Ge-
ometry” refer to geometric features of the building that impact on its
energy demand (e.g., heat transfer surface, aspect ratio, etc.). The vari-
ables in the category “Envelope” refer to the main thermophysics prop-
erties of both opaque and transparent envelope of the building (e.g.,
opaque envelope thermal transmittance, transparent envelope thermal
transmittance). In the category “Climate” are included variables that are
related to the standard weather conditions of the actual location of the
building. In the last category “System” are included the variables related
to the average global efficiency of the building energy systems and to the
fuel/energy carrier used to provide energy services. Among all the vari-
ables that are included in the EPC, the non-renewable Global Energy
Performance Index (Epgnren) has been selected as the target variable
of the developed energy benchmarking process. Epy; ., (expressed in
kW h/m?y) is an energy-related term that is employed to assign an en-
ergy class label to a building. The Ep ., is referred to the demand of
non-renewable energy of a building to satisfy a set of energy services
pertaining space heating, space cooling, ventilation, domestic hot water
production, lighting etc. Before being analysed the EPC dataset was fil-
tered to identify the data sample on which develop the benchmarking
process. Specifically the following concatenated filters were applied on
the raw dataset:

* Building end-use category: Only EPCs referred to residential buildings
(i.e., category E1(1) as reported in DPR412-1993 [53]) were con-
sidered in the analysis. The amount of EPCs issued for residential
buildings is about the 85% of the entire dataset (Fig. 1a);

* Certified unit: Only EPCs referred to single residential building units
(e.g., single apartments in condominiums) were considered. This
filter was applied due to the fact that less than 14% of EPCs was
issued for entire residential buildings while the vast majority of
EPCs was referred to single building units (Fig. 1c).

Energy services: Among all the considered EPCs, only building units
with the energy services of space heating and DHW production were
considered (Fig. 1b). Specifically, were analysed building units
equipped with 1 heating system and 1 DHW production system
(Fig. 1d). It is worth to note that building units with a combined
system used for satisfying both services were not excluded from this
selection.

Considering the applied filters to the dataset, the obtained number
of EPCs is about 50,000. In addition, due to the fact that space heat-
ing and DHW production are the only two considered energy services,
the target variable Epg .., can be expressed as the sum of the non-
renewable primary energy demand Epy ., and Ep,, ,..,. Specifically,
the primary energy demand for space heating is assessed evaluating
an energy balance of the building unit. The calculation considers real
building shapes and self or over shading of other building/external
obstruction. The procedure takes into account a quasi steady-state ap-
proach that is based on the evaluation of the monthly balance between
heat losses (i.e., transmission and ventilation heat losses) and heat gains
(i.e., solar and internal gains). The considered monthly outdoor climatic
conditions (i.e., outdoor air temperature and solar radiation) are re-
ported in the national technical regulation UNI 10349-1 according to
the building location. The transmission heat losses are assessed starting
from actual stratigraphies and thermophysical properties of both opaque
and transparent envelopes as well as the thermal bridging effect. Floor
area and heated net volume, are used for defining the ventilation rates
and internal heat gains. The dynamic effects and their influence on the
net heating energy demand are related to the building thermal inertia,
the ratio between heat gains and heat losses and the occupancy/sys-
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tem operation schedules. From the system side, the annual Epy, ., for
space heating depends on different efficiencies of the various heating
sub-systems (i.e., emission, control, distribution, generation). For the
heating season, the average system efficiency is calculated as the ratio
between the net building thermal energy need and the Epy, .,. On the
other hand, the primary energy demand for DHW production is calcu-
lated on the basis of the water flow rate requested for the various uses
and the difference in water temperature between supply and demand.
Also in this case values are assessed from average data and refer to stan-
dard rating condition. Starting from the evaluated net thermal energy
demand for DHW production, the different efficiencies of the DHW sub-
systems and the type of fuel/energy carrier used to meet the considered
service are used to assess the Epy, .., Similarly to the space heating ser-
vice, the average DHW system efficiency is then calculated as the ratio
between the net building thermal energy need and the Epy e,

5. Materials and methods

This section briefly described the data analytics methods behind the
proposed energy benchmarking process. The method descriptions are
not intended to be exhaustive, and are aimed to highlight the key as-
pects of the algorithms according to the objectives of this study. In
particular, all the regression algorithms, tested for developing the en-
ergy benchmarking model based on EPCs, are described (i.e., K-Nearest
Neighbours (KNN), classification and regression tree (CART), bayesian
additive regression tree (BART), Extreme Gradient Boosting tree (XG-
Boost), MultiLayer perceptron artificial neural network (MLP-ANN)).
For further comparisons between machine learning models in evaluating
building energy performance, the reader is referred to [54]. Succes-
sively, a brief introduction to k-means clustering technique is provided.
Eventually, the main theoretical principles of the employed XAI tech-
niques (i.e., permutation feature importance, accumulated local effects
analysis, breakdown analysis) are reported. The reader is referred to
[55], for further comparisons between XAI techniques in terms of ad-
vantages, disadvantages and objectives.

5.1. K-nearest neighbours (KNN)

K-Nearest Neighbours (KNN) is a machine learning approach used to
predict output values based on similarity to neighbouring data points.
Instead of building a specific model, KNN memorizes the entire dataset.
When predicting a new data point, it identifies the K nearest neighbours
based on input variable values. The predicted output value for the new
data point is then determined by averaging the output values of these K
nearest neighbours. The ‘K’ in KNN represents the number of neighbours
considered, significantly impacting model performance. Further details
can be found in [56].

5.2. Classification and regression tree (CART)

Classification and Regression Tree (CART) is a decision tree method
that creates a prediction model through recursive partitioning of the
dataset. The model structure resembles a tree with nodes, branches, and
leaf nodes. At each node, the algorithm selects an input variable and a
threshold to split the dataset, aiming to minimize output variance within
the subsets. This recursive process continues until a stopping criterion
is met, forming decision paths that translate into IF-THEN rules. When
a new data point is introduced, the tree places it in a leaf node, and the
output is estimated by the average output value of the training samples
in that node. Further details can be found in [57].

5.3. Bayesian additive regression tree (BART)
Bayesian Additive Regression Trees (BART) is an ensemble method

that integrates decision trees within a Bayesian framework for regression
tasks. By combining multiple trees, BART creates a robust model that
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estimates prediction uncertainties using Bayesian principles. It builds
the model additively, sequentially adding trees to handle non-linear re-
lationships flexibly. Regularization techniques prevent overfitting and
enhance generalization. Predictions are derived by fusing tree-based
estimates, with each tree’s contribution weighted through Bayesian in-
ference. Although BART shares a conceptual similarity with gradient
boosting, it differs in two key ways: rather than weakening individ-
ual trees through adjustments, BART employs a prior to control tree
strength. Additionally, it performs iterative fitting through Bayesian
backfitting on a fixed number of trees, rather than the sequential updat-
ing used in gradient boosting. Further details can be found in [58,59].

5.4. Extreme gradient boosting tree (XGBoost)

Extreme Gradient Boosting (XGBoost) is an ensemble learning algo-
rithm in the gradient boosting family, which builds a strong predictive
model by combining multiple weak models, typically decision trees. For
regression tasks, XGBoost minimizes a loss function by optimizing the
additive combination of weak regression models. Each tree is fitted to
the residuals of the previous ensemble, learning patterns not captured by
earlier models. Trees are trained on random subsets of the dataset and
features at each split, enhancing robustness and accuracy. Each weak
learner corrects its predecessor’s errors, focusing on instances with the
highest prediction errors. Further detail can be found in [60].

5.5. Multilayer perceptron artificial neural network (MLP-ANN)

A multilayer perceptron (MLP) is a feedforward artificial neural net-
work consisting of at least three layers: an input layer, one or more
hidden layers, and an output layer. Except for the input nodes, each node
is a neuron using a nonlinear activation function. Neurons in one layer
connect to those in subsequent layers through weighted connections.
During data processing, the network performs forward propagation,
where input values pass through layers, and neurons compute outputs
using weighted inputs and activation functions. During training, the net-
work adjusts weights via backpropagation to minimize errors between
predicted and actual output values. Further detail can be found in [61].

5.6. K-means

K-means is a partitive clustering algorithm that consists in group-
ing data objects into non-overlapping subsets (i.e., clusters) such that
each data object can be included only in one sub-set. It starts by ran-
domly choosing K centroids and assigns each data point to the nearest
centroid (e.g., using as similarity measure Euclidean distance). These
centroids are then recalculated based on the mean of the points in each
cluster. The process repeats until the centroids stabilize, defining K clus-
ters. Furter details can be found in [62].

5.7. Permutation feature importance (PFI)

Permutation Feature Importance (PFI) is an analytical method used
to evaluate the significance of predictor variables in a regression model.
It quantifies feature importance by measuring the increase in prediction
error (e.g., RMSE) when the values of each input variable are permuted.
A variable is considered more important if its permutation significantly
increases the model’s prediction error. Conversely, if permutation of a
variable does not substantially increase the prediction error, it is consid-
ered less important, indicating minimal impact on the model predictive
capability. Further details can be found in [63].

5.8. Accumulated local effects (ALE)
Accumulated Local Effects (ALE) analysis is a technique for un-

derstanding the impact of individual predictors on a regression model
outcome. Unlike methods that isolate a single variable influence, ALE
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captures the combined effect of a predictor across its domain, consid-
ering interactions with other input variables. It computes the marginal
effect of a predictor by averaging differences in model predictions as the
predictor value changes, keeping other variables constant. The key ad-
vantage of this technique is its ability to reveal nonlinear relationships
and interactions, showing how the influence of a variable evolves across
its domain. By aggregating these local effects, ALE provides a compre-
hensive understanding of a variable contribution to model predictions.
Further details can be found in [64].

5.9. Break-down plot (BD)

The BreakDown Plot (BD) is an analytical method used to under-
stand the combined impact of predictor variables on a local prediction
in a regression model. Like Permutation Feature Importance, BD as-
sesses changes in output while keeping other input variables constant.
The BD plot visually represents each variable’s contribution to a model
prediction, making it easier to assess relative importance. It works by
sequentially permuting each variable’s value while keeping the others
constant, thereby isolating the impact of each predictor. Using bar or
line charts, the BD plot breaks down the model prediction into individ-
ual contributions, showing clearly whether each feature positively or
negatively influences the outcome. Further details can be found in [65].

6. Methodology

The developed analytical process aims to provide a benchmarking
tool to estimate a building energy performance and potential improve-
ments under various retrofit scenarios. Two XAl layers are incorporated
to support the analyst in assessing model trustworthiness and help the
end-user interpret model estimations [66]. In this perspective, the pro-
posed methodology unfolds over six steps, listed below and showed in
Fig. 2:

Data preparation: all the preliminary tasks pertaining data clean-
ing, data filtering and feature selection are implemented to obtain
a suitable training dataset.

Development and selection of the estimation model: Five regres-
sion algorithms are trained and tested, with the aim to identify the
best performing model in estimating the building non-renewable
primary energy demand.

Assessment of model trustworthiness (15" XAI layer): XAl tools are
implemented to evaluate feature importance and identify potential

input domain regions that are critical for the model. The results of
this step are useful to implement a refinement of input variable do-
mains to ensure the highest robustness as possible of the estimation
model.

Definition of retrofit scenarios (2" XAI layer): Estimation of the
effect of retrofit actions on a sampled building and local explanation
of the predictions.

Identification of reference groups of buildings: a clustering analysis
is performed to identify a set of reference groups of buildings and
their associated distribution of primary energy demand.

Energy benchmarking: Benchmarking of the building energy perfor-
mance in both pre- and post-retrofit scenarios against the reference
primary energy demand distribution according to the cluster mem-
bership of the analysed building.

6.1. Data preparation

The raw EPC dataset included numerous attributes of various types
(numerical, categorical, textual) related to a building energy perfor-
mance and its energy demand for different services (e.g., space heating,
domestic hot water). However, not all attributes were relevant for the
benchmarking tool, and their inclusion could increase complexity in
the modeling phase. Therefore, feature selection was guided by domain
knowledge and previous experiences with the dataset [17,29,67,68].
Another consideration in feature selection was the feasibility of collect-
ing or estimating input variables for new out-of-sample buildings. As a
result, the final set of variable is reported in Table 1.

For the sake of clarity, the attribute Heated floor area (A) represents
the total building area that is served by the heating system. The Heat
transfer surface area (S) is the total area of surfaces that are in con-
tact with the external environment, unconditioned spaces or spaces with
different indoor air temperature setpoint. The Window Ratio (W'r) is de-
fined as the ratio of the total area of windows to the total area of walls
in the building facade. The Solar surface ratio (A, /A) is a parameter
used to evaluate the performance of the building envelope in the sum-
mer period. It is defined as the ratio of the summer equivalent solar area
(A,,) of the transparent components to the useful surface area (A). The
formula for calculating the Summer Equivalent Solar Area is reported
in DM 26/06/2015 [69] and takes into account aspects as the shading
reduction factor for external elements and the total solar energy trans-
mittance of the windows. The Aspect ratio (S/V) refers to the ratio of
Heat transfer surface area (.S) to the gross heated volume. The average
U-values of the thermal transmittance (U,,, U,,) define the ability of
the opaque and transparent envelope of the flat to transmit heat under



M.S. Piscitelli, G. Razzano, G. Buscemi et al.

Table 1
Attribute categorisation.
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Category Name Symbol  Average Value  Unit

Explanatory Variables

Geometry Heated floor area A 72.60 m?
Heat transfer surface area S 157.30 m?
Window ratio Wr 0.11 [-]
Aspect ratio S/V 0.54 m!
Solar Surface ratio Aot [4 0.06 [-]

Envelope Average U-value of vertical opaque envelope v, 1.10 W /m?K
Average U-value of the windows U, 3.31 W /m*K

Climate Degree Days DD 2693 °C

System Average global efficiency for space heating Ny 0.70 [-]
Average global efficiency for domestic hot water 7y, 0.56 [-]
Heating system - fuel Fuel [-] -1
DHW system - fuel Fuely, [-1 [-]

Target Variable

Energy Non-renewable Primary Energy Demand Epyinren 194.98 kW h/m?year

steady-state conditions. The Degree Days (D D) are the sum, over all the
days of a conventional annual heating period, of the positive daily differ-
ences between the indoor temperature, conventionally set at 20°C, and
the daily average outdoor temperature. The average global efficiencies
for space heating and DHW production (11y;,, n57) are the ratio between
the net building thermal energy need for the specific energy service and
the primary energy demand. The average global efficiencies are calcu-
lated according to the standard efficiency values for each subsystem
(i.e., generation, distribution, control, emission) reported into the part
2 of UNI/TS-11300 [70].

After the feature selection, also a data cleaning step is carried out on
the filtered dataset, with the aim to remove statistical inconsistencies
and outliers. To this purpose, statistical analysis based on boxplot and
Z-score transformation are used in combination with expert-based rules
to detect extreme observations. As a result a total of 48,917 EPCs are
considered for the following analysis.

6.2. Development and selection of the estimation model

In this step, the considered five regression models are developed and
compared to search the best performing model to be embedded in the
conceived energy benchmarking process. As previously discussed, the
models are trained and tested using as input and output variables those
reported in Table 1. Specifically, a K-5 cross-validation is conducted,
where 80% of the dataset is used for training, and the remaining 20%
is used to test models and evaluate their regression performance in esti-
mating the target variable Ep,, ,..,. Multiple performance metrics such
as R%, RMSE, MAE, and MAPE are used to compare models against each
other and to identify the most effective one to be used in the successive
analysis.

6.3. Assessment of model trustworthiness

After selecting the best-performing regression model, an XAI analysis
is conducted to evaluate its trustworthiness and identify critical regions
within the input variable domains. Such regions could be characterised
by anomalous patterns in terms of feature importance (e.g., an insight-
ful feature loses its importance on the Epy ., predictions in a specific
domain region) or dependency trends between input and output that are
counter intuitive from the physics point of view. More generally, these
issues may occur in low-density regions of variable domains, where the
regression model is more susceptible to extrapolation problems. How-
ever, data density alone cannot guide this analysis, as the model may
still demonstrate a reasonable and credible learning mechanism in these
domain areas. To this purpose, Accumulated Local Effect analysis and

visualization plots are exploited to assess the impact of individual input
variables, along their domains, on model predictions of Ep, ., Expert
assessment on the obtained results is conducted for each input variable
to identify potential discrepancies or irregular trends. In those cases, the
employed XAI analysis allows the analyst to identify domain regions as-
sociated to low robustness of the predictions that can be excluded from
the dataset, in order to train/test again the selected regression model.
The primary goal of this step is not to enhance the prediction accuracy
but to increase model trustworthiness as much as possible.

6.4. Definition of retrofit scenarios

In this study the regression model has a twofold objective. On one
hand it can be used to estimate for a building its primary energy de-
mand (Ep, ,.,), according to its state-of-the-art. On the other hand it
can be used to estimate, for the same building, the effect of a scenario
where the value change on a subset of input variables emulates the im-
plementation of a retrofit action. By comparing the two obtained results
in terms of Epg ., it is possible to assess the energy saving poten-
tial of a retrofit action on a specific building. Specifically, three retrofit
actions are considered in the analysis: i) retrofit of the opaque and trans-
parent envelope, ii) substitution of the heating generation system, iii)
envelope retrofit and generator substitution. The retrofit actions con-
sidered in this study have been selected to align closely with the most
recommended actions for the national building stock according to the
literature [71-73]. Once a retrofit scenario is considered for a building,
a XAl analysis is performed to provide the final user with a local expla-
nation of the obtained predictions (i.e., pre and post-retrofit conditions).
To this purpose a breakdown plot is used to visualize the positive or neg-
ative contribution of each variable and to assess its relative importance.
For each retrofit scenario, two BreakDown plots are generated: one rep-
resenting the initial condition of a building (i.e., pre-retrofit) and the
other representing the post-retrofit conditions. The order of variables in
the BreakDown plot is an essential parameter to be set in advance by
the analyst. In fact the breakdown analysis is performed by sequentially
evaluating the impact of individual predictor variables and the contribu-
tion of a variable toward the model prediction is incrementally assessed
by permuting its values while keeping previous variables constant. In
order to find a unique approach to order variables in the breakdown
analysis, a XAl technique based on variable permutations is performed
to assess a feature importance ranking. The hierarchy derived from the
feature importance analysis is used to arrange the variables in sequence
for the Breakdown analysis. In particular, while exploring a retrofit sce-
nario, the input variables are grouped in two different categories: (i)
input variables that remain unchanged between pre and post retrofit
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and (ii) input variables that are modified between pre and post retrofit
to emulate the implementation of a retrofit action. As a result, in the
pre and post retrofit breakdown plots the input variables are ordered as
follows:

+ Variables remaining unchanged are ordered from most to least im-
portant and positioned at the top.

» Variables that change according to a retrofit action are placed after
unchanged variables, and are ordered from least important (top) to
most important (bottom)

In this way, the pre and post retrofit predictions are explained exactly
in the same way in terms of contributions of unchanged input variables,
de facto allowing the user to isolate the impact of the modified variables
involved in the retrofit scenario. As a reference the discussed approach
is summarised and graphically reported in Fig. 3.

6.5. Identification of reference groups of buildings

This step is aimed to identify in the analysed dataset of EPCs, a set of
reference groups of similar buildings. To this purpose a clustering anal-
ysis is performed using K-means algorithm to group together building
units. The analysis is performed exploiting a subset of the input variables
of the regression model i.e., only geometrical variables and climatic
variables are considered. Before the implementation of the clustering
analysis data are normalised in Z-score values while data similarity is
measured by means of Euclidean distance. The optimal number of clus-
ters is then identified by evaluating the Silhouette index. When the final
configuration of building clusters is defined, for each of them is calcu-
lated a-posteriori the associated distribution of primary energy demand
(EDgj pren)- Those distributions are used in the following for benchmark-
ing purposes.

6.6. Energy benchmarking

When a building is selected for the estimation of its primary en-
ergy demand in pre and post retrofit conditions, the predicted values
of Epg ey are compared against a reference distribution of similar
buildings extracted from the analysed dataset. To this purpose the se-
lected building to be benchmarked is firstly classified in one of the
pre-identified clusters and specifically in the cluster with the closest cen-
troid. In this way, the pre and post-retrofit estimations are compared

Table 2

Model performance metrics.
Models R [-] RMSE[Z)  MAE[EY]  MAPE[%)]

m? year m2 year

KNN 0.71 54.38 37.08 20.64
RT 0.54 68.29 49.07 29.68
BART 0.81 44.47 30.54 17.57
XGboost 0.75 50.82 34.81 19.69
ANN 0.72 68.26 46.59 22.08

against the reference distribution of Ep, .., in the identified cluster
and the associated percentile values are evaluated and used as perfor-
mance scores to rank the energy performance of the building when is
subjected to a specific retrofit scenario. The identified clusters play a
crucial role in the benchmarking process by enabling users to contextu-
alize the estimated energy performance of their building within a group
of similar peers.

7. Results

The methodological process described in Section 6 is tested on the
EPC dataset. In the following, the obtained results are presented.

7.1. Regression analysis results

The regression analysis aimed to test different models to predict the
numerical variable Epg; .., and identify the best regression model. The
regression models were developed using the input variables listed in
Table 1. A K-5 cross-validation was performed to assess model perfor-
mance, where each fold uses 80% of the data for training and the remain-
ing 20% for testing. Performance was assessed using four metrics: coef-
ficient of determination (R?), Root Mean Squared Error (RMSE), Mean
Absolute Error (MAE), and Mean Absolute Percentage Error (MAPE).
The obtained performance metrics across the five folds were very con-
sistent for each model, with variations in the range of 3% considering
the best and worst achieved value. This consistency indicates that the
models generalize well to different subsets of the data and are not overly
sensitive to a particular split in the dataset. As a result, Table 2 reports
the results just from one fold to facilitate a clear comparison between
all the models on the same test set, highlighting the best value for each
metric in bold.
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Fig. 4. Scatter plot of actual and predicted Ep,, ., values obtained through the
BART regression model.

Among all the tested models, the BART algorithm exhibited the best
performance. In particular it achieved the lowest values for RMSE, MAE,
MAPE and the highest value for R?, de facto demonstrating its over-
all superiority respect to the other developed regression models that
serve as recognized baselines in the literature of data-driven modeling.
BART outperformed other models mainly due to its Bayesian framework,
which provides uncertainty quantification and better regularization, re-
ducing the risk of overfitting. Its additive nature helps capture com-
plex non-linear relationships while controlling model complexity. The
Bayesian prior essentially shrinks the contribution of each tree, pre-
venting any single tree from having too much influence. This built-in
regularization discourages overfitting by ensuring that the trees are not
too complex and that the overall model remains flexible enough to gen-
eralize well to new data. These characteristics made the BART a more
robust choice, a conclusion supported by existing literature consider-
ing the demonstrated superior model performance on a set of other case
studies [58,59]. As a consequence the BART model was selected for be-
ing used in the following analysis. For the sake of completeness Fig. 4
shows the scatter plot of the actual and predicted Epg; .., values ob-
tained through the best performing regression model.

7.2. Results of model trustworthiness assessment analysis

As highlighted in Section 6.3, after the identification of the best per-
forming regression model, was assessed its trustworthiness by means of
Accumulated Local Effects (ALE) analysis on each input variable.

The main result of this analysis is a graphical representation of the ef-
fect that an input variable has on the predicted output variable through-
out its domain of variation. This approach helps to identify areas within
a domain that might show unusual patterns, both in terms of the impor-
tance of specific variable and in terms of the relationship between input
and output, which contradicts expectations based on the principles of
physics. The identification of critical domain regions is manual but not
subjective, combining ALE plots with expert knowledge and additional
statistical analyses, such as frequency distribution and box plots. Specif-
ically, the ALE plot displays the trend and the pattern of the variable
impact on the estimated value of Epy ., the frequency plot shows
the distribution of a variable, while the box plot identify potential out-
liers. In the distribution plot, bins with a frequency lower than 1% are

Energy & Buildings 328 (2025) 115115

coloured in red to highlight low density regions in the variable domain.
In the case a critical region was identified, the input variable domain
was redefined.

An example of the proposed analysis is reported in Fig. 5 where the
ALE plots of pre and post domain refinement of an input variable are
reported. Specifically, the ALE plot, box plot and distribution plot are re-
ported for the variable Aspect Ratio. The attribute belongs to the group of
geometrical variables and is defined as the ratio between the heat trans-
fer surface area and the heated gross volume of the building. According
to physics principles and reference literature the variable shows a posi-
tive correlation with the primary energy demand for space heating in a
building [17,29,67,68] that represents a portion of the output variable
Epg; pren considered in this study. The impact that the Aspect Ratio has
on the space heating demand can be better represented through Fig. 6.

The figure provides a schematic representation of possible shapes
and construction typologies of an unit in a multifamily building and
their corresponding aspect ratios. The Aspect Ratio determines how large
the surface exposed to the unconditioned space is, and consequently it
provides information on the amount of heat gains and losses through
the building envelope. As a consequence for two identical building units
(considering envelope, floor area etc.) the one with higher Aspect Ratio
also has a higher demand of thermal energy for space heating.

Differently from what is expected, the ALE plot, showed in Fig. 5(a)
for the variable Aspect Ratio is characterised by a completely different
pattern. The contribution of the variable on the average prediction of
Epg) yren has high fluctuations across the domain and in the low density
regions of the variable distribution (i.e., right tail) it is characterised by
abrupt changes in the trend. In fact the regression model, during the
training phase, was not fully able to learn in a robust way the relation
that exist between the input and output variable in the whole domain.
It does not mean that the model accuracy is lower in those regions, but
rather that the trustworthiness of the corresponding predictions may not
be very high.

The main intuition behind this qualitative analysis is then to under-
stand where the model suffers the most in terms of prediction robustness
and allow the analyst to redefine the input variable domains in order to
carry out a model re-training.

As a results, the right tail of the Aspect Ratio (Fig. 5 (a)) domain was
removed and the regression model was re-trained considering the new
input domain. The ALE plot analysis was subsequently repeated, and
the results are presented in Fig. 5 (b). In this case, the figure shows the
positive correlation between Aspect Ratio and the average prediction of
Epg) nren that is consistent with expectations along the entire variable
domain. In Fig. 7 is reported a further example pertaining the variable
heat transfer surface.

In particular, the ALE plot reported for this variable is consistent
with the expected relation that this attribute should have with the out-
put variable. In fact, a positive trend can be observed and the average
prediction value of Ep,; ., rises up when the heat transfer surface of
the considered building unit increases.

Moreover, despite the variable distribution is left-skewed and char-
acterised by a long right tail, the observed pattern still remains con-
sistent with the hypothesis. It means that the contribution of the input
variable is well propagated by the regression model. In this case the ALE
plot analysis does not suggest to re-define the input variable domain.

At the end of this analysis the domains of 3 out 12 input variables
were re-defined (i.e., Aspect Ratio, Window Ratio, Degree Days). More
specifically, in Table 3 the redefined variable domains are compared
against to the initial ones to provide the reader with a clear definition
of the new boundary conditions on which the regression model was re-
trained.

Specifically, due to this analysis the dataset of 48,917 EPCs was re-
duced of about 14%, reaching a final number of 42,206 records. As
previously stated, the primary objective of this step of the methodologi-
cal framework was not aimed at improve model accuracy, however as a
side effect of input variable domain refinement and model re-training, a
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Fig. 5. ALE plot of the variable aspect ratio pre (a), and (b) post input domain refinement.

Fig. 6. Examples of possible construction typologies with different positions of

the units in multifamily buildings. Building units labelled as ‘a’ are characterised
by lower aspect ratios, while ‘c’ flats have higher aspect ratios.
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Fig. 7. ALE plot of the variable heat transfer surface area.

Table 3
Domain of variables before and after refinement.
Variable Domain Domain
before refinement after refinement
Aspect Ratio - S/V [0.11;1.60] [0.16;0.88]
Window Ratio - W, [0.00; 1.00] [0.02;0.28]
Degree Days - DD [450;5300] [2422;3197]

modification of the evaluated regression performance metrics occurred.
For this reason, in Table 4 are reported all the values of the performance
metrics obtained on the test data set by the BART model and assessed
before and after the re-training determined by the implementation of
the described XAI layer.

10

0.25 0.50 0.75
Aspect Ratio
Frequency [ High count [l Low count
(b)

Table 4
Retrained BART metrics after input variable refinement.

BART R’[-] RMSE] m“’;”‘] MAE [%] MAPE[%]

After 1* training 0.8 44.5 30.5 17.6

After re-training 0.8 39.9 28.0 16.9

Table 5
BART performance metrics comparison before and after
model re-training for each quartile.

. kW h kW h
Quartle  RMSE[XYL] MAE[-] MAPE[%]
0, 20.3 - 27.6 21.1 - 20.5 30.1 - 25.1
0, 31.6 — 28.9 22.9 - 21.3 15.7 - 15.0
0, 38.8 — 35.3 29.0 - 26.8 14.3 > 13.8
0, 65.4 — 59.5 48.0 — 43.3 13.9 - 13.7

From Table 4 it is possible to infer that after the re-training of the
regression model, all the metrics (reported in bold) improved in a range
between 2.5% and 11% (with exception for R%). The same evaluation is
performed for the RMSE, MAE and MAPE metric by highlighting their
improvement in each quartile of the output variable distribution. Specif-
ically the first quartile includes building units with Ep,; .., < 122.8
kW h/m?y, the second quartile includes building units with E Pal.nren
values between 122.8 and 170.7 kW h/m?y, while building units in the
third quartile have 170.7 kW h/m*y < Epyj 1y, < 244.9 kW h/m*y, and
in the fourth quartile Ep, ., > 244.9 kW h/ m?y. The results are re-
ported in Table 5, where the performance metric values obtained before
and after the model re-training are highlighted in bold.

7.3. Retrofit scenario results

This section reports the results pertaining the retrofit scenario anal-
ysis that was conducted by employing the developed regression model.
To this purpose an instance (i.e., a building unit) was extracted from the
test dataset and three retrofit scenarios were assessed.

The main objective was to estimate the potential effect of the con-
sidered retrofit actions on the output variable Ep,, ., and provide the
final user with a local explanation of the obtained predictions pertaining
both pre and post-retrofit conditions.

This step of the methodological framework represents the 2"¢ XAI
layer of the process that allows the user to understand how the model
achieved a specific prediction and how the input variables contributed
to the reduction of primary energy demand in a retrofit scenario. The
attributes of the selected building are reported in Table 6 together with
the actual value of Ep,, .., extracted from its EPC. As a consequence the
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Table 6

Attributes of the selected building.
Variable Value Unit
Construction year 1960 -
Heated floor area 36.10 m?
Heat transfer surface area 112.30 m?
Aspect ratio 0.76 m!
Window ratio 0.07 -
Degree Days 2815 °C
Average U-value of vertical opaque envelope 1.53 W [k
Average U-value of the windows 3.26 W w2k
Average global efficiency for space heating 0.66 -
Average global efficiency for DHW 0.70 -
Regulation sub-system efficiency 1.00 -
Distribution sub-system efficiency 0.97 -
Emission sub-system efficiency 0.95 -
Generation sub-system efficiency 0.91 -
Solar surface ratio 0.06 -
Heating system - fuel Natural gas -
DHW system - fuel Natural gas -
Actual Epy; e, 303.40 KW [ year

values in the Table 6 represent the pre-retrofit condition of the analysed
building unit.

Starting from this point, the three retrofit scenarios considered are
below described:

1. Retrofit of the opaque and transparent envelope: this action was
simulated through the regression model by modifying, for the con-
sidered building unit, the values of both opaque and transparent
thermal transmittance (i.e., U,, and U,,).

2. Substitution of the heating generation system: this action was
simulated by modifying the values of average global efficiency for
space heating (i.e., 7).

3. Substitution of the heating generation system and retrofit of
the opaque and transparent envelope: this action was simulated
by modifying the values of average global efficiency for space heat-
ing together with opaque and transparent thermal transmittance
(., 1> Uy, Uy

It is worth noting that, differently from the retrofit of the envelope
that has a direct effect on the thermal transmittance values, the substitu-
tion of the heating system generator (i.e., improvement of the generation
system efficiency 7,) would have an indirect effect on 7 due to the fact
that its value is influenced by a number of other variables (e.g., emis-
sion, distribution and control subsystem efficiencies respectively #,, #,,
n.). However, in order to avoid problems of multicollinearity among all
the subsystem efficiencies, in the regression model, the system perfor-

11

Table 7
Description of retrofit scenarios and actions.
Scenario Pre-Retrofit ~ Post-Retrofit ~ Unit
1 U, =153 u,, =023 [ fmex]
U,=327 U, =130 [ fnk|
2 ny = 0.66 ny =0.81 -1
U,=153 U,=023 [¥ fwe k]
3 U,=327 U, =130 [ fmk|
ny =0.66 ny =0.81 [-]

mance is represented by a single and compact variable (i.e., ). As a
consequence, to better isolate the impact of the retrofit action on 7 a
decision tree regression model was developed using as input variables
Nes Nyg»> M, and fg- In this way, in the heating generator substitution sce-
nario, the post-retrofit value of 7, was inputed in the multiple regression
model keeping #,, 1,4, 1, equal to the pre-retrofit condition and the cor-
responding post-retrofit value of # was then obtained.

According to the methodological framework detailed in Section 6.4,
the interpretation of both pre and post-retrofit predictions was based on
the evaluation of Breakdown plots. However, as previously discussed,
the variable order is a key aspect to be considered in order to make
pre-retrofit and post-retrofit breakdown plots consistent between each
other.

To this purpose a permutation feature importance analysis was firstly
conducted, then for each retrofit scenario the involved input variables
(i.e., which values are modified to simulate the implementation of the
retrofit action) were identified and the variable order was defined ac-
cordingly (as reported in Fig. 3).

Results of the feature importance analysis are shown in Fig. 8 where
variables are ordered in descending order respect to their own impor-
tance. In addition green bars are associated with variables that are not
affected from any retrofit scenario, while in yellow are highlighted vari-
ables which may be involved (i.e., opaque envelope U-value, transparent
envelope U-value, average global efficiency for space heating). In the
following the results obtained for each retrofit scenario are presented
and discussed.

Scenario 1 The first scenario simulates, by means of the regression
model, a retrofit action involving the refurbishment of both opaque and
transparent building envelopes. The initial thermal transmittance val-
ues for the opaque surfaces (Uop) and windows (U,,) were 1.53 and
3.27 W /m?K, respectively, which are consistent with typical strati-
graphies of existing Italian buildings from the 1960s, as illustrated in
Fig. 9. Following the retrofit, as detailed in Table 7, U,, was reduced
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Vertical opaque envelope Transparent envelope

||

|

Double glazing with an air
gap, metal frame without
thermal break

1)  External plaster

2)  Bricks (8-10 cm)

3)  Aircavity

4)  Solid or semi-solid bricks laid one-head thick
5) Internal plaster

(a) (b)
Fig. 9. Reference stratigraphies for the opaque (a) and transparent (b) envelope
in pre-retrofit conditions.

to 0.23 W /m?K and U, to 1.3 W /m?K, aligning with the minimum
standards specified by Italian regulations for deep building renovations
[69]. Achieving a thermal transmittance value of 0.23 W/ m*K for the
vertical opaque envelope may be possible through the installation of an
insulating layer with sufficient thermal resistance. In this case, a layer
of expanded polystyrene (EPS) or mineral wool of at least 10-12 ¢m can
be used, depending on the thermal conductivity of the chosen material
(typically 0.030-0.040 W /mK for EPS and 0.035-0.045 W /mK for
mineral wool). For the transparent envelope, the retrofit action could
involve the installation of windows with a PVC frame featuring a three-
chamber profile and a depth of 70 mm. The glazing consists of double
glass panes, each 4 mm thick, separated by a 16 mm gap filled with argon
gas.

The obtained results are shown in Fig. 10 in form of Breakdown plots
built upon the pre and post-retrofit predictions of the regression model.
With exception for the contributions of the last two variables (i.e., input
variables involved in the retrofit scenario), all the others are exactly
the same in both plots. Specifically the breakdown plot starts from the
intercept value (i.e., average prediction of Ep,, ., obtained with the
model on the entire dataset) and one variable at time shows if the input
variable and its value contributes to increase or decrease the average
prediction of Epg ey

In this way it is possible to investigate the changes in the model pre-
dictions when fixing the values of consecutive variables. In the last row,
all explanatory variables are fixed at the values describing the analysed
building unit and the last row corresponds to the model prediction itself.

From Fig. 10 it is possible to conclude that the mean prediction of
Epg) nren for the BART model applied on the entire EPC dataset was
equal to 184.5 kW h/m?y. It is worth to note that it is not the aver-
age Epg en Of the dataset, but the mean model-prediction. Thus, for
a different model, it would be most likely to obtain a different mean
value.

The model prediction for the pre-retrofit condition was equal to
311.4 kW h/m?y with an estimated 95% confidence interval ranging
between 287.5 and 337.1 kW h/m?y. It is much higher than the mean
prediction. The explanatory variable that influenced this prediction the
most was U,,. By fixing the value of this variable in the pre-retrofit
condition to 1.53 W /m?K, an amount of 75.1 kW h/m?y was added
to the mean prediction. On the other hand, for the post-retrofit condi-
tion the same variable had even a higher contribution that in this case
contributed in reducing the mean prediction of about 137 kW h/m?y.

The influence of an explanatory variable on a prediction depends
not only on its importance but also on its specific value. For example,
in the pre-retrofit condition, the effect of U,, was minimal, whereas in
the post-retrofit condition, it became significant. This change occurs be-
cause the pre-retrofit value of U,, may be close to the mean value within
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Table 8

Regression tree performance metrics.

Model  R? RMSE MAE MAPE
RT 0.68  0.06 0.04  0.06

its domain, resulting in a smaller impact on the prediction. As a result
the simulated retrofit action lead to a predicted value of Ep, ., 0f 74.5
kW h/m?y with an estimated 95% confidence interval ranging between
42.8 and 104.4 kW h/m>y. This corresponds to an overall reduction of
77.4% respect to the pre-retrofit condition.

Scenario 2 In the second scenario, the considered retrofit action con-
sisted in the replacement of the existing standard gas boiler with a highly
efficient condensing one. As previously explained this action had a di-
rect effect on the improvement of generation subsystem efficiency that
need to be propagated on the average global efficiency for space heat-
ing (i.e., ny) that was the available input variable for simulating the
implementation of retrofit action itself.

To this purpose a regression model based on a decision tree algo-
rithm was employed. It is worth to note that the employed model was
consistent with the type of fuel considered due to the fact that the av-
erage global efficiency of a system was calculated on the basis of the
primary energy demand that depends from the fuel conversion factor.
For this reason, this model was developed on a portion of the entire
dataset only considering instances related to gas fired boilers. For the
sake of completeness, Table 8 reports the performance metrics (i.e., R2,
RMSE, MAE, MAPE) pertaining to the aforementioned model.

In this specific scenario, the generation system efficiency 1, was sup-
posed to be increased from 0.91 to 1.1 (efficiency value consistent with
the installation of an highly efficient condensing gas boiler) while all
remaining subsystem efficiencies (i.e., #,, 1,4, #.) were kept unchanged.

The estimated impact of the new 7, value determined an increase
of ny from 0.66 to 0.81 in the post-retrofit condition. Consequently the
obtained value of #;; was imputed to the regression model to estimate
the value of Ep,; ., in the post-retrofit conditions. Then, both pre and
post-retrofit model predictions were explained by means of breakdown
plots (Fig. 11). The intuition behind the variable order for setting up
the breakdown analysis is the same introduced in Fig. 3 and differently
from scenario 1, this retrofit action was described by only 5 that was
put in the last position of the input variable list to isolate its effect.

The results indicated an overall reduction of approximately 17% in
Epg) yren» With a post-retrofit value of 255 kW h/ m?y and an estimated
95% confidence interval ranging from 232.2 to 280.2 kW h/m?y. Re-
garding the contribution of the variable 7 it was possible to infer that in
the pre-retrofit condition its value negatively impacted on the Epg; ;-
However in the post retrofit condition # almost doubled its contri-
bution becoming the most impacting variable toward the reduction of
Epgl,nren'

Scenario 3 Scenario 3 consisted in the combination of the retrofit ac-
tions previously discussed (i.e., opaque/transparent envelope refurbish-
ment and generator substitution). In this case the variables involved are
three i.e., ny, U, and U,,.

The breakdown plots of both pre and post-retrofit conditions are
shown in Fig. 12. The results obtained reported an overall reduction
of Epy; yen 0f about 82% with a value in the post-retrofit conditions of
51.4 kW h/m?y and an estimated 95% confidence interval ranging from
24.4t077.2 kW h/m?y. Regarding the contributions of the variables 75,
U, and U,, it is possible to infer that contributed to the reduction of
Epy; uren Of about 23, 20 and 124 kW h/m?y respectively.

Also in this case, the variable U,, demonstrated to impact the most
on the average prediction of the regression model. In addition it can
be observed that the combined effect of the two retrofit actions, im-
plemented in the scenario 3, slightly differs from the cumulative saving
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Fig. 10. Breakdown plots for the pre-retrofit (a) and post-retrofit (b) predictions of Scenario 1.

considering the Epg; ..., reductions independently assessed for Scenario
1 and Scenario 2. This is due to the different order of variables used for
setting up the breakdown analyses and to their interaction effect [74].
Despite small differences the results obtained can be considered fully
consistent between each other.

7.4. Identification of reference groups of buildings and energy
benchmarking results

The identification of reference building groups within the available
EPC dataset is a crucial preliminary step to conduct energy benchmark-
ing and complement the retrofit scenario analysis.

Specifically, the main objective was to assess, for each reference
group of buildings, the associated distribution of Ep,; ., to contextual-
ize the pre and post-retrofit predictions obtained for a selected building
unit by means of the regression model. In this way, each prediction
can be compared with a reference distribution of values from which
extract effective key performance indicators such as its corresponding
percentile value.

As previously discussed, a clustering analysis using K-means algo-
rithm was performed. The variables used for grouping together similar
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buildings are the following: Heated floor area, Heat transfer surface, As-
pect Ratio, Window Ratio, Degree Days. This variable set acts as an indirect
normalization, allowing users to determine whether a building high or
low performance is primarily influenced by other factors such as sys-
tem efficiency, fuel type, or building envelope properties. The optimal
number of clusters was then searched in the range 6-24 using the Sil-
houette index as quality metric [75]. Fig. 13 shows the Silhouette index
evaluated for each cluster configuration, suggesting that the identified
optimal number of clusters was equal to 9 (solution that maximized the
Silhouette index).

The centroids of the identified 9 clusters are shown in Fig. 14 in form
of a parallel plot. For the sake of readability, in the parallel plot the
input clustering variables have been de-normalized making it possible
to visualize the centroid vector components as values in their original
domains.

Together with the centroid visualization, the distribution of the vari-
able Epg; ..., Was a-posteriori assessed for each cluster and displaced as
a boxplot in the right side of the figure. From the Fig. 14, it can be
seen that each cluster has its own distinctive centroid and distribution
of Epg; ., more or less overlapped with the ones of other clusters.
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Fig. 11. Breakdown plots for the pre-retrofit (a) and post-retrofit (b) predictions of Scenario 2.

Once this preliminary analysis was carried out, it was possible to
perform an energy benchmarking process capable to contextualize the
results coming from the previously discussed scenario analysis.

Specifically, before employing the regression model for the esti-
mation of pre and post-retrofit conditions, the selected building unit
was classified in one of the pre-determined clusters. To this purpose,
the building unit was compared (only considering clustering variables)
against the evaluated centroids and it was classified in the cluster of the
closest centroid.

Together with the cluster also the reference distribution of Ep,; e,
was retrieved and used as a background for the assessment of the sce-
nario analysis. As a reference the energy benchmarking results obtained
for the three retrofit scenarios previously explained are in the following
presented.

Firstly, the selected building unit was found to belong to the clus-
ter 6 that is characterised by buildings with relatively low Heated floor
area, Heat transfer surface area and Window Ratio and a medium value
of Aspect Ratio. From the energy performance point of view, cluster 6 is
characterised by relatively low values of Ep,; .., respect to the entire
EPC dataset. Specifically, the 50% of the building units included in this
cluster has an Ep,; .., value between 156 and 265 kW h/ m?y that are
the 1¥ and 3" quartile respectively.
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The three retrofit scenarios were benchmarked as shown in Fig. 15.
In particular, Fig. 15 (a) (b) and (c) report the results obtained for the
retrofit scenarios 1, 2 and 3 respectively. In the three plots are visualised
the following results: the grey area corresponds to the probability den-
sity function of Epg ., for cluster 6, the green area is the interquartile
range, the black dashed lines represent the 1% and 3" quartile values
respectively, the red solid line is the estimated value of Ep,; ., cor-
responding to the pre-retrofit condition while the green solid line is
associated to the estimated value of Ep, ., corresponding to the post-
retrofit conditions of a scenario.

Thanks to this compact visualization it was possible to infer how the
building unit was performing in the pre and post- retrofit conditions
respect to its most similar peers and, by extracting the corresponding
percentile values, how it ranked in its reference cluster.

For instance, in the three scenarios the energy performance of the
pre-retrofit condition is the same and equal to 311 kW h/m?y that cor-
respond to the 89" percentile of the reference distribution of E Dal.nren I
Cluster 6. It means that only the 11% of the building units in the cluster
6 has an energy performance worse than the considered instance, surely
making it an interesting use case for the assessment of retrofit scenarios.

The same analysis can be done considering the estimated post-
retrofit conditions. In particular both in scenario 1 and 3 the considered
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Fig. 12. Breakdown plots for the pre-retrofit (a) and post-retrofit (b) predictions of Scenario 3.
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Fig. 13. Evaluation of the optimal number of clusters.

building unit achieved a value of Ep,; ., lower than the 1°" quartile
of the cluster distribution equal to 3¢ and 1% percentile respectively.
It means that after the retrofit action implementation the building unit
would perform in the top 25% of the entire cluster 6.

For what concerns the scenario 2, associated to the substitution of the
heating system generator, the value of Ep, ., was reduced allowing
the building unit to achieve an estimated performance that was consis-
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tent with the 50% of buildings in the reference cluster i.e., the value was
included in the interquartile range Q1-Q3 of the distribution.

It is worth to note that this analysis represented an important step of
the proposed process giving the opportunity, to the involved stakehold-
ers, to better quantify the impact of a retrofit action implementation also
enabling external comparative analysis respect to the existing building
portfolio.
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Fig. 15. Benchmarking of the pre and post retrofit conditions of Scenario 1 (a), Scenario 2 (b), and Scenario 3 (c).
8. Discussion A set of five regression algorithms was then explored to assess the

best model as possible in terms of estimation accuracy of the energy per-
formance variable Ep, ,,.,. At this stage of the analysis, other studies
in the literature have already introduced similar processes for achieving
the aforementioned objectives. The distinctive approach of this study
was instead associated to the definition of a set of procedures aimed
at improving the trustworthiness of the model and the interpretability

This research focused on the analysis of EPCs collected in the north-
western Italian region of Piedmont to develop an energy benchmarking
process capable to estimate the energy performance of buildings un-
der retrofit scenarios and compare them against reference groups of

peers.

The study payed significant attention to the selection of crucial of its estimations. Those two properties are not so simple to be assessed
variables and algorithms for the definition of a robust regression tool and ensured also because not directly related to the evaluation of classic
to provide accurate as well as robust estimations. To this purpose a error metrics of the regression model.
pool of essential and easy-to-collect variables was taken into account As a main contribution, two different layers of analysis, leveraging
also according to the evidence coming from the reference literature XALI tools, were embedded in the methodological framework.
[29,14,16,17,20,22,23]. Although these variables are broadly applica- The first layer, through the Accumulated Local Effect analysis, en-
ble, feature selection can still enhance the model by tailoring it to the ables users to understand variable impacts across their domains, reveal-
specific characteristics of new EPC datasets. ing how each predictor influences the model output in a way that aligns

16



M.S. Piscitelli, G. Razzano, G. Buscemi et al.

or not with physical expectations. This analysis made it possible to re-
fine the input variable domains preventing the model to learn patterns
in the training stage that could be not consistent with the analysed prob-
lem.

Despite the proposed process allowed to increase the robustness of
the model, and as a side effect also its accuracy, the entire analysis
needed to be supervised and performed by a human domain expert.
This not necessarily represented a limitation, but surely implied that
the analyst should have cross-sectional skills between both energy and
data science background. As a possible next step, further effort can be
devoted to make the entire process more automatic. However, expert
oversight will remain crucial to ensure the model predictions are con-
sistent with underlying physical principles and remain reliable.

The second XAI layer aimed to improve the interpretability of the
regression model output and its explanation.

As discussed, the regression model serves two primary purposes:
estimating a building current energy performance and evaluating the
potential impact of retrofit actions through scenario analysis.

In this study, model prediction interpretation was achieved through
breakdown plots, which, however, presented some limitations in their
setup i.e., were dependent on the variable order used for initialize the
breakdown analysis. In this sense, a practical contribution of this work
consisted in the definition of a methodological process for the variable
ordering (Fig. 3) based on the results of a feature importance analysis.

The proposed ordering process enabled a prioritized view of factors
influencing the model while maintaining consistency in the explana-
tions of pre and post-retrofit conditions. Specifically, the contribution
of input variables not affected by the retrofit remained unchanged in
the scenario, effectively isolating the impact of the modified variables
on the prediction.

Upon these explanations, the user can understand how input vari-
ables contribute positively or negatively to each specific prediction, and
guide informed decisions towards the definition of energy retrofit strate-
gies at different scales of implementation (from single up to multiple
buildings).

The final aspect investigated in this study focused on defining a pro-
cess to externally benchmark the estimated energy performance values
of a retrofit scenario. By identifying reference clusters of buildings, it
became possible to compare a building estimated energy performance
against a group of similar peers.

In this way the user can be aware not only about the potential
improvement of energy performance of its building but can also con-
textualise it according to an existing building stock that share some
similarities with the building under analysis.

The proposed clustering framework was designed to maintain con-
sistent comparability within the benchmarking tool, particularly across
retrofit scenarios. While including additional variables related to build-
ing envelope and system characteristics could theoretically improve
clustering accuracy, this introduces a critical complication: variables
such as envelope properties and system efficiency can change signifi-
cantly between pre and post-retrofit conditions. If these retrofit-sensitive
variables were part of the clustering criteria, buildings could potentially
shift clusters following retrofits, making it impossible to benchmark pre
and post-retrofit energy performance under the same reference condi-
tions.

For this reason, only variables that were not affected from any
retrofit scenario were considered, to avoid that the pre and post-retrofit
values of Ep,; .., pertaining the same building were benchmarked us-
ing the reference distributions referred to two different clusters. This
approach prevents bias in benchmarking results, thereby supporting
a more straightforward, consistent, and reliable evaluation of perfor-
mance improvements due to retrofits.

Summarising, this study introduced a general methodological frame-
work to improve the robustness and interpretability of data-driven de-
cision support systems for energy planning in the building sector. How-
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ever some aspects and limitations need to be further explored and over-
come.

The main barrier towards the fully generalizability of the methodol-
ogy was related to volume, variety and geographic representativeness of
the available open datasets, given that the analysed buildings only be-
long to the residential category and cover the area of Piedmont region.

In addition, not all the possible configurations of building energy
systems were fully represented in the considered dataset. As a reference
the percentage of EPCs reporting the presence of integrated renewable
energy systems and heat pumps was still marginal considering the exist-
ing building portfolio. However, also thanks to the future adoption and
implementation of national decarbonization action plans, for more and
more retrofitted buildings an EPC will be available de facto increasing
the cardinality of currently underrepresented categories.

For what is concerned the geographical representativeness of the
analysis while the process is currently limited to a single Italian region,
it remains representative on a national scale due to its focus on climatic
zones E and F. In Italian national legislation, all 8,000 municipalities
are categorized into six climatic zones, labeled A to F, based on De-
gree Days—from warmer areas (zone A) to colder areas (zone F). The
Piedmont region, primarily spans zones E and F, which are character-
ized by colder winter climates and collectively represent approximately
65% of Italy’s municipalities and account for around 50% of residential
buildings nationwide. This extensive coverage makes them highly rele-
vant for understanding energy performance patterns at a national level.
To enable application across other climatic zones, the developed regres-
sion model includes “Degree Days” as an explanatory variable, serving
as an indirect measure of weather conditions. This variable allows the
model to capture the relationship between local climate and energy de-
mand for space heating and domestic hot water, making it adaptable for
buildings in different regions. This rationale also holds for the clustering
analysis. As additional EPCs from different climatic zones become avail-
able, the clustering can be refined to capture representative building
geometries and climatic conditions across regions. In this perspective,
with additional EPC data encompassing diverse building types, such as
schools, hospitals, and commercial buildings, a substantial expansion of
the benchmarking process has been anticipated in this study.

9. Conclusions

This study presented a comprehensive methodology designed for
the benchmarking of energy performance in residential buildings, em-
ploying a multistep process exploiting ML and XAI techniques. Energy
benchmarking tools, as the one introduced in this study, are crucial for
assessing the energy performance of buildings and represent a valuable
support to make any decision aimed at enhance their efficiency. The
proposed methodology has the advantage of extracting knowledge from
data of issued EPCs, which can be applied to new building units. The tool
can effectively assist domain experts in evaluating possible improve-
ments in the energy performance of buildings by means of a data-driven
approach that quickly provides estimations on the expected building en-
ergy demand.

In general, designers and authority planners can exploit such energy
benchmarking tool for determining where to focus their efforts among
large stocks of buildings, identify the most advantageous retrofitting
strategies and assess their potential impact. This facilitates the plan-
ning of future financial investment policies and supports stakeholders
in devising more targeted actions to enhance energy performance across
different building segments. Moreover, the proposed methodology en-
ables the extraction of useful and understandable knowledge based on a
few physical driving variables, through the integration of two XAI lay-
ers. Both layers enhance the process trustworthiness and ensure trans-
parency, aiming to instill confidence in final users when leveraging
data-driven models in the decision-making process of energy planning.
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