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Improving energy efficiency in residential buildings is critical to combating climate change and reducing green-
house gas emissions. Retrofitting existing buildings —that are major contributors to energy use- is therefore a key
priority, particularly in regions with outdated building stock. Artificial Intelligence (AI) and Machine Learning
(ML) can automate retrofit decision-making and find retrofit strategies. However, their implementation faces
challenges of data availability, trust and alignment with trustworthiness guidelines, as well as compliance to
Al regulations. This paper presents a trustworthy-by-design ML-based decision support framework that recom-
mends energy efficiency strategies for residential buildings using minimal user-accessible inputs. The framework
employs Conditional Tabular Generative Adversarial Networks (CTGAN) to augment limited and imbalanced
data, while neural network-based multi-label classifier identifies potential combinations of retrofit measures. An
Explainable AI (XAI) layer using SHAP is also incorporated to clarify the rationale behind recommendations, val-
idate the model, and guide feature engineering. Two case studies on distinct datasets validate performance and
replicability: i) a well-established, large Energy Performance Certificate (EPC) dataset for England and Wales; ii)
an imbalanced post-retrofit dataset from Latvia (RETROFIT-LAT). Results demonstrate that the framework can
handle diverse data conditions and improve performance up to 53% compared to the baseline model without XAI
and synthetic data generation. Overall, the proposed framework provides a novel, user-friendly classification-
based solution for building retrofit decision support that incorporates the trustworthiness aspects of transparency,
human oversight, data governance, and fairness and aids stakeholders in achieving effective energy efficiency
investments while aligning with Al regulation and ethical standards.

1. Introduction Directive (EPBD) with its latest revision in 2024 [3]. This legislative

framework acts as a part of the strategy to reduce building sector’s GHG

With the growing energy demand and the intensifying effects of
climate change, energy efficiency has emerged as a critical objective
worldwide. The Paris Agreement underscores the international com-
mitment to limit global warming well below 2°C above pre-industrial
levels with efforts to restrict it to 1.5°C [1]. Towards this target, the
building sector has become one of the priorities, since it is among the
largest energy consumers and greenhouse gas (GHG) emitters. Specifi-
cally, in the European Union (EU) buildings account for around 40% of
the total energy consumption and over 30% of GHG emissions. Notably,
85% of buildings were built before 2000, and 75% of these are consid-
ered energy-inefficient due to outdated construction standards [2]. In
this context, EU has established the Energy Performance of Buildings
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emissions by 2030 and achieve a decarbonized building stock by 2050
[4].

Residential buildings constitute a major share of energy demand
and environmental impact across EU [5]. Although retrofitting exist-
ing buildings offers significant potential for improving energy efficiency
[2,4], identifying appropriate renovation measures remains a complex
task that demands careful planning and evaluation of multiple factors
[6]. Retrofit decision-making typically relies on detailed assessments
and expert input, which are costly and difficult to scale across large
building stocks. This highlights the need for effective decision support
approaches that assist building owners, investors and policymakers in
evaluating retrofit options and estimating their potential benefits in a
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Nomenclature
Al Artificial intelligence
ALTAI  Assessment List for Trustworthy Artificial Intelligence
BCE Binary cross-entropy
CO, Carbon dioxide
CTGAN Conditional tabular generative adversarial network
DHW Domestic hot water
DL Deep learning
EPBD Energy Performance of Buildings Directive
EPC Energy performance certificate
EU European Union
FN False negatives
FP False positives
GAN Generative adversarial network
GDPR  General Data Protection Regulation

GHG Greenhouse gas

LEIF Latvian Environmental Investment Fund
ML Machine learning

MLP Multi-layer perceptron

ReLU Rectified linear unit

SDG Synthetic data generation

SDV Synthetic Data Vault

SHAP Shapley additive explanations
TN True negatives

TP True positives

TPE Tree-structured parzen estimator
UK United Kingdom

XAl Explainable artificial intelligence

consistent, transparent, and practical manner. Data-driven approaches
have gained increasing attention in supporting retrofit decisions, with
artificial intelligence (AI), particularly machine learning (ML) and deep
learning (DL), proving effective in analyzing complex energy data and
leveraging knowledge from past renovations to uncover hidden pat-
terns and interdependencies [7]. A common general paradigm in this
context involves training ML models on data generated from simula-
tions, optimization models or expert assessments, where problem pa-
rameters serve as inputs and optimal or expert-derived decisions as out-
puts [8]. Through this process, ML models can approximate complex
optimization-based solutions and, once trained, provide reliable recom-
mendations in a short time frame without the computational burden
of traditional solvers. As a result, ML-driven approaches enable scal-
able and efficient end-to-end estimation of economically and technically
sound retrofit strategies.

Despite their capabilities, Al-driven decision support models heavily
depend on the availability and quality of data [9], implicitly assum-
ing that training inputs are fully representative of real-world operating
conditions. Furthermore, the black-box nature of many ML and DL ar-
chitectures raises concerns regarding accountability, transparency and
user trust, especially in critical domains such as energy and buildings
where decisions influence financial investments and long-term energy
and environmental outcomes [10,11]. These challenges have intensi-
fied interest in trustworthy AI, where predictive performance is com-
plemented by data quality, regulatory compliance, and human oversight
[12]. In this context, explainable AI (XAI) has emerged as a key enabler
to render model reasoning understandable and verifiable, ensuring that
decisions are grounded in meaningful patterns and supporting human
oversight and informed decision-making [13,14]. At the EU level, these
requirements have been in the spotlight with established ethical frame-
works such as the Ethics Guidelines for Trustworthy AI and its byprod-
uct Assessment List for Trustworthy Artificial Intelligence (ALTAD [15],
also reinforced by the forthcoming AI Act [16] (currently partially in
force), which emphasizes transparency, human supervision, robustness
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and data quality and the General Data Protection Regulation (GDPR),
which establishes principles for lawful, fair, and privacy-preserving data
processing in the EU. Embedding these trustworthy Al principles from
the early development stage ensures that Al systems are not only ac-
curate but also compliant with ethical and legal standards, therefore,
increasing trust, reducing administrative burden, and promoting their
adoption by stakeholders such as policymakers, funding agencies, and
building owners.

This study proposes a user-friendly, trustworthy-by-design Al-driven
decision support framework for residential building energy efficiency
retrofit strategies, formulated as a multi-label classification task. The re-
sulting model requires only a minimal set of user inputs, such as general
building characteristics, location data, and basic information derived
from energy performance certificates (EPCs), and recommends appro-
priate combinations of renovation measures to achieve a target energy
class given the initial energy class. By learning from datasets that include
retrofit projects with verified outcomes based on measurements, profes-
sional estimations, and officially documented assessments, the model
captures meaningful patterns and dependencies between building char-
acteristics and retrofit strategies. Consequently, it enables effective end-
to-end decision support for stakeholders such as homeowners and in-
vestors without domain expertise, facilitating early-stage retrofit plan-
ning in a simple and efficient manner.

The framework’s design incorporates trustworthy Al principles on
four main pillars of the ALTAI, also informed by regulations such as the
EU AI Act and the GDPR. Specifically: i) transparency is operationalized
through the incorporation of XAI to interpret the model’s retrofit recom-
mendations, validate model behavior, and guide feature engineering,
also drawing on the AI Act’s transparency and information provisions
(Art. 13), supported by technical documentation requirements (Art. 11
and Annex IV); ii) human agency and oversight is incorporated throughout
the development process where the incorporation of domain knowledge
and human-in-the-loop validation position the framework as a decision
support rather than replacing human judgment, also informed by the Al
Act’s human oversight provisions (Art. 14); iii) data governance is ini-
tially addressed from the perspective of data minimization by relying
exclusively on a minimal set of features, drawing on the GDPR [17] and
the AI Act’s data governance and quality objectives (Art. 10). To further
support robust real-world deployment, data quality and integrity are en-
hanced through feature space optimization as well as a generative adver-
sarial networks (GAN)-based synthetic data generation (SDG) layer that
improves data diversity and mitigates data scarcity and class-imbalance
[18] and; iv) fairness is considered at the level of data representation
and predictive performance, where taking care of class-imbalance pro-
motes bias mitigation and more balanced model behavior across retrofit
classes, informed by the AI Act’s bias and representativeness considera-
tions (Art. 10).

The decision support framework is validated on two case studies as
follows : (i) the well-established United Kingdom (UK) EPC dataset [19]
and (ii) a real-world post-retrofit audit dataset from Latvia (RETROFIT-
LAT [20]). This dual validation aims to demonstrate the replicability of
the framework and its respective trustworthiness-oriented development
methodology under different national contexts and diverse data condi-
tions including different levels of class-imbalance and data scarcity.

The rest of the paper is structured as follows. Section 2 provides an
overview of the existing literature relevant to our research and high-
lights the key contributions of this study. Section 3 describes the frame-
work both from methodological design and deployment perspective
alongside the experimental setup required for its validation on the case
studies. Sections 4 and 5 present the two case studies conducted, de-
scribing the datasets used and the corresponding results. Section 6 dis-
cusses the practical applicability of the framework, provides a compara-
tive analysis of the two case studies, and highlights the key limitations.
Finally, Section 7 concludes the study and outlines directions for future
work.
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2. Literature review and contributions
2.1. Literature review

The literature on building energy retrofitting spans a wide range
of methodologies, including simulation-based analysis, optimization ap-
proaches, data-driven modeling and hybrid methods. These approaches
differ in formulation and scope, as they address different stages of the
retrofit decision-making process. Broadly, many studies focus on calcu-
lating or predicting energy consumption and performance indicators,
others evaluate retrofit scenarios through simulations or optimization
models, while comparatively fewer support a complete workflow to
translate such outputs into actionable guidance for retrofit strategy se-
lection. In this review, we structure the discussion around how existing
approaches contribute, either directly or indirectly, to retrofit decision-
making, highlighting the gap between performance estimation and prac-
tical, end-to-end decision support for selecting retrofit strategies.

2.1.1. Simulation and statistical models for retrofit decision evaluation

Research has primarily focused on energy simulations employing
tools such as EnergyPlus, which are often combined with other models,
to evaluate potential retrofit scenarios in terms of energy, environmen-
tal, and financial aspects [21]. The energy performance of a building
is calculated and possible measures are assessed by comparing the re-
sults of multiple tests with varying input parameters. Similarly, com-
putational statistical models have been developed to estimate energy
savings achieved by different combinations of measures. They rely on
predefined physical equations using buildings characteristics to draw
conclusions about the effectiveness of each option, thereby facilitating
the decision-making process [22-24]. However, despite the reliability
and transparency of these methods, their computational load can often
be prohibitive. Additionally, the large number of required input param-
eters poses another limitation, as detailed information, such as construc-
tion details and thermal coefficients, is often unavailable, particularly
for older buildings [25].

2.1.2. Clustering algorithms and benchmarking for retrofit decision-making

Clustering algorithms are also frequently encountered in the litera-
ture, particularly in cases where post-retrofit performance data is un-
available. Buildings are grouped based on their similar characteristics
and serve as benchmarks in order to identify potential energy efficiency
measures [25-27]. For example, Cecconi et al.[28] cluster buildings per
energy class and apply Monte Carlo simulations to estimate energy sav-
ings for various retrofit options within each class. For the final selection
they use a decision support system which considers cost and average
energy savings.

2.1.3. Multi-criteria analysis and optimization approaches for retrofit
strategy selection

Multi-criteria analysis and optimization have been widely applied
to assess retrofit scenarios regarding multiple environmental, financial
and practical factors. For instance, Asadi et al. [29] propose a multi-
objective optimization model to identify cost-effective interventions that
minimize energy use while meeting occupant needs. A cost-benefit anal-
ysis is conducted by Belaid et al. [30] to examine both environmen-
tal and economic indicators. Multi-objective optimization is also often
used with genetic algorithms, such as Non-Dominated Sorting Genetic
Algorithm II [31], but these approaches come with limitations including
complexity and the need for a high level of expertise [32].

2.1.4. Pure machine learning approaches for building retrofitting
Recently, ML has drawn considerable attention in the field of build-
ing retrofitting due to its ability to reduce both the computational cost
and the number of parameters required from users. Such data-driven
models can identify complex relationships between building features
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and predict energy performance using only a limited set of basic char-
acteristics. However, their effective implementation requires large and
diverse datasets. Based on our research and as noted in [25] no studies
provide direct energy retrofit recommendations by exclusively applying
ML models on measured datasets.

2.1.5. Energy consumption prediction as an intermediate step in evaluating
retrofit strategies

Several publications approach the problem by predicting the final
energy consumption after implementing an energy efficiency measure.
In this context, regression models such as neural networks take build-
ing parameters and potential measures as input and predict the asso-
ciated energy savings, which are then compared to one another [33].
The output may also involve additional metrics, including cost or CO,
emissions reduction [34]. Alternatively, post-retrofit energy class of a
building is predicted instead, as in [35]. Similarly, Seraj et al. [36] de-
velop multiple ML models to predict annual energy consumption, and
a user interface which allows stakeholders to simulate and evaluate the
impact of different renovation scenarios based on the specific character-
istics of their dwellings. Finally, Michalakopoulos et al. [37] introduce a
physics-informed neural network —integrated withing a decision support
system [38]- that incorporates physics equations into the loss function
to predict energy consumption based on heat losses, while identifying
specific building components requiring retrofit actions.

2.1.6. Hybrid approaches for retrofit decision support

The integration of ML with other methods is often proposed. Cecconi
et al. [39] combine ML models with Monte Carlo simulations to predict
energy savings from retrofit scenarios and estimate their costs. ML is
combined with multi-criteria optimization by Aradgjo et al. [40]. Regres-
sion models, which are trained to predict energy needs and energy label
are followed by optimization to explore the best retrofit strategies de-
pending on users’ criteria. Deb et al. [41] predict energy demand with
ML models and then with cost-optimal analysis they identify potential
retrofit options. A hybrid model is proposed by Long [42], integrating
simulation, ML for consumption prediction, and optimization models
to evaluate energy strategies even during the early design stages of a
building.

2.1.7. System-level control and economic assessment toward informed
retrofit decision-making

Ultimately, a significant share of research is shifted towards control-
ling the energy use of individual systems such as heating and ventila-
tion. Haidar et al. [43] employ reinforcement learning to predict oc-
cupant behavior within building spaces, using the results to optimize
the operation of energy systems, while Homod et al. [44] develop a
deep clustering multi-agent cooperative reinforcement learning method
to manage the operation of cooling systems in buildings, achieving en-
ergy savings. ML has also been applied to address the economical aspects
of energy retrofits, assessing energy efficiency investments. Sarmas et al.
[45] label these investments based on renovation costs and energy sav-
ings combining ML models through a meta-learning model determining
the potential funding for each solution.

2.1.8. Explainable Al as a pillar of trustworthy building retrofit decision
support

Recently, growing attention has been placed on incorporating trust-
worthy Al principles into data-driven approaches for building en-
ergy retrofitting to address the need for accountability and responsi-
ble decision-making in high-impact energy applications. In practice,
however, most existing studies operationalize trustworthiness primarily
through the pillar of explainability, focusing on XAI techniques to render
model behavior interpretable. Within this context, several studies have
integrated ML models with XAI methods to enhance transparency and
derive actionable insights for energy savings. These models predict var-
ious aspects of building energy efficiency, such as energy consumption
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[46,47], energy efficiency ratings [35], heating and cooling loads [71],
GHG emissions [48]. Explainability methods, particularly Shapley addi-
tive explanations (SHAP) [49], are then applied to identify the most in-
fluential features affecting these predictions. By quantifying the impact
of these features, this analysis enables the prioritization of retrofitting
directions, focusing on the elements that most significantly contribute
to building performance. Similarly, Deb et al. [41] propose a ML-based
framework for cost-optimal retrofit analysis, leveraging feature signif-
icance through SHAP to guide retrofit strategies. For instance, better
materials are assigned to critical building areas determined by their in-
fluence on heating demand, thereby eliminating the need for exhaustive
search methods required in conventional approaches. In most cases, only
a discussion of potential retrofit strategies is conducted, without explicit
recommendations or detailed analysis.

XAI has also been employed to assess the potential economic bene-
fits of energy efficiency improvements in the building sector. A cluster-
based XAI methodology is proposed by Konhduser and Werner [50],
combining SHAP, Permutation Feature Importance, and Partial Depen-
dency Plots to reveal the financial impacts of energy-efficient building
features on property valuation. Wenninger et al. [51] incorporate SHAP
with a XGBoost model to predict whether buildings had undergone
retrofits, identifying key factors influencing retrofit decisions. Policy
recommendations for renovation programs were derived by the investi-
gation of building characteristics, house prices and socio-demographic
data.

Although SHAP is the predominant XAI method in this field, other
tools have been explored as well. Nyawa et al. [52] base their research
on sensitivity analysis to assess variable importance in predicting retrofit
decisions (i.e. whether retrofitting was implemented, not specific mea-
sures). The feature importance measure was determined by accuracy
reduction upon feature removal, with high accuracy impact indicating
great significance for renovation decisions. Collectively, the review of
XAl applications in retrofitting highlights their value not only in im-
proving model explainability but also in providing actionable insights
to guide the evaluation and prioritization of retrofit measures.

2.2. Paper contributions

Despite significant progress in data-driven building energy analysis,
existing approaches for retrofit decision support still exhibit important
limitations. Many studies rely on computationally intensive simulations,
optimization models, or single-measure predictions [33,35,36,41], of-
ten producing isolated recommendations that require additional man-
ual or computational effort to compare alternatives and assemble com-
plete renovation packages that account for the interdependencies among
measures [6]. Moreover, most methods require detailed technical in-
puts, limiting usability for non-expert users and reducing their poten-
tial to promote sustainable renovation practices to diverse stakeholders
[53]. Transparency and regulatory alignment are also insufficiently ad-
dressed, as existing work predominantly focuses on explainability alone,
typically applied only to lower-level energy efficiency factors, such as
energy consumption [7,35,46,48] or simple binary retrofit decisions
[51,52] (i.e., whether any retrofit measures were applied, without spec-
ifying which one). Finally, many data-driven studies rely exclusively on
ex-ante EPC estimates [26,33,35,54,55], without addressing the energy
efficiency gap [54,55] or integrating data quality mechanisms, such as
the scarcity and imbalance of real-world retrofit datasets [53].

Following the above identified shortcomings of the current state-of-
the-art, the contributions of our study are summarized as follows:

e We introduce a novel decision support framework based on neural
networks and multi-label classification, which directly recommends
combinations of retrofitting strategies in a single step, facilitating
deep renovation planning without additional post-processing.

o The framework effectively serves non-expert users such as household
owners as it only requires basic building characteristics as input and
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outputs recommendations at the level of umbrella retrofitting mea-
sure categories, reducing cognitive load.

e The framework adopts a trustworthy-by-design methodology that
operationalizes domain knowledge, XAI, and GAN-based SDG,
within the model development workflow, therefore addressing trans-
parency, human oversight, data governance, and fairness considera-
tions in accordance with established European standards and regu-
latory frameworks including ALTAI, the EU AI Act, and the GDPR.

e We validate the decision support framework using two national
audit-based datasets with contrasting size and data-quality charac-
teristics, demonstrating its replicability, adaptability and consistent
performance across heterogeneous national contexts and data con-
ditions.

¢ We demonstrate that our framework consistently improves recall and
F1-score compared to baseline training without XAlI-guided feature
engineering and SDG, with gains of up to 53% in data-scarce settings.

3. Framework description and experimental setup

This section provides an overview of both design and runtime phases
of the decision support framework, as illustrated in Fig. 1. The frame-
work is designed to deliver high-level energy efficiency retrofit recom-
mendations to building owners and investors (Fig. 1b) while adopting a
trustworthy-by-design development methodology (Fig. 1a) that involves
feature space optimization, data minimization, explainability, and im-
proved class representation towards increasing performance and align-
ing with AI trustworthiness requirements.

3.1. Decision support model for building energy efficiency retrofits

The runtime task is formulated as a multi-label classification task,
where a neural network classifier directly suggests combinations of ren-
ovation strategies based on data from previously implemented projects,
as illustrated in Fig. 1b.

In this context, the primary goal is to deploy a user-friendly system
in which non-technical end-users, such as household owners, can input
basic building details and receive appropriate retrofit recommendations.
The minimal input feature set is easily accessible and known to users, as
it comprises location-related attributes, general building characteristics,
and basic energy-related information derivable from EPCs, along with
the target energy class the user wishes to achieve.

The model output includes the proposed retrofit actions, with a label
of 1 indicating that a measure is recommended for implementation to
achieve the target and 0 otherwise. These labels are learnt from datasets
of retrofit projects with verified outcomes based on measurements, pro-
fessional estimations, and officially documented assessments, so that the
classifier captures empirically grounded associations between building
characteristics and retrofit strategies. The multi-label problem formula-
tion allows multiple measures to be recommended per building, facili-
tating the suggestion of combined interventions that support deep reno-
vations. To enable alignment with EU retrofit communication practices
and enhance replicability across different datasets, retrofit recommen-
dations are presented under four categories:

¢ Building Fabric Interventions (y;,): Upgrades to the building enve-
lope such as insulation of walls, roof, floors, upgrades of doors and
windows.

¢ Heating and Lighting Controls (y,,): Enhancements or replace-
ments of ventilation, lighting and heating control systems to opti-
mize energy use.

¢ Domestic Hot Water (DHW) Upgrades (y;3): Improvements to do-
mestic hot water production, storage and distribution systems.

¢ Heating System Installations (y;,): Upgrades or replacements of
heating systems using renewable energy sources or more efficient
technologies.
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Fig. 1. Overview of the proposed decision support framework for building retrofitting: (a) trustworthy-by-design development methodology (upper); (b) decision
support workflow in production (lower).
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Formally, the resulting deployed model serves the mapping f :
RX - [0,1]* learned from an optimized dataset D = {(x,-,y,-)}fi . of N
retrofit projects, where x; € RX is the building feature vector and

1K = Kjoc + Kpig + Kepc + Kprod + Ktrg7

with Kjge, Kpig> Kepes Kprod> and Ky, denoting the number of location-
related attributes, general building characteristics, EPC-derived fea-
tures, implicit product features introduced through the feature engi-
neering process (not required as direct user input), and the target en-
ergy class (K, = 1), respectively. The output vector in D is defined
as y; = [yi1. Y2, ¥iz»- yial' € {0,1}%, where y;; = 1 indicates that the j-th
retrofit category (j = 1, ... ,4) was implemented and recorded and y; ;=0
otherwise. During runtime, for a new building instance x, the model out-
puts a prediction § € [0, 1]*, where y; represents the predicted likelihood
of recommending the j-th retrofit category, subsequently converted into
binary recommendations.

3.2. Trustworthy-by-design development methodology

The design phase adopts the multi-layer perceptron (MLP) as the
base model and follows a trustworthiness-first development approach
that enshrines key principles and requirements of trustworthy Al, align-
ing with the ALTAI, EU AI Act, and GDPR. More specifically, following
initial pre-processing, the framework design incorporates two key lay-
ers: (i) an XAl layer that enhances explainability and transparency, guides
feature engineering, and enables human oversight for model developers,
and (ii) a SDG layer that employs advanced generative models to en-
hance the available datasets both in terms of volume and class represen-
tation, therefore explicitly addressing data quality and fairness. Together,
these two layers contribute to a trustworthy-by-design framework ad-
dressing the key AI trustworthiness requirements of transparency, hu-
man oversight, data governance and fairness.

3.2.1. Classification model selection

The MLP is a widely adopted deep feed-forward neural network val-
ued for its simplicity, flexibility, and effectiveness on structured tab-
ular data [56,57]. It naturally supports the multi-label formulation of
our problem, as it is inherently capable of predicting multiple tar-
gets simultaneously [58]. Its ability to model complex data patterns
has been demonstrated in numerous energy-related building analysis
studies [57], aligning with our objective of capturing non-linear rela-
tionships between building characteristics and feasible retrofit actions.
Moreover, its architecture allows straightforward and efficient experi-
mentation with different configurations, facilitating the evaluation of
the additional layers of our methodology. Overall, since our input fea-
tures exhibit no temporal or spatial dependencies, the MLP is selected
as a representative neural network architecture that offers a favorable
balance between expressive capacity, computational efficiency and ex-

plainability.
In the MLP, each neuron computes a weighted sum of its inputs x =
(xq,...,x,) with learnable weights w = (w,, ..., w,) and bias b, passed

through an activation function A4 (Eq. (1)). Hidden layers employ recti-
fied linear unit (ReLU) (Eq. (2)), while the output layer uses the sigmoid
o (Eq. (3)), mapping each output to a probability in [0, 1]. Weights are
optimized via backpropagation training algorithm minimizing the bi-
nary cross entropy (BCE) loss (Eq. (4)).

y:h(Z w,-x[+b> @

i=1

ReLU(x) = max(0, x) 2
1

1+e> ®

o(x) =

C
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where N is the number of training samples, C the number of retrofit
classes, y;; € {0,1} the true label, and j;; = o(z;;) the predicted prob-
ability for sample i and class j. The input layer dimension equals the
number of selected building features, the output layer comprises C = 4
neurons for the four retrofit categories, and the hidden layer configura-
tion is determined through hyperparameter tuning.

3.2.2. Data pre-processing
Starting from a raw dataset:
Dy = (" ¥y, X" erf, ¥ e0,1)C,

(0) is the original feature
) ;

where N, denotes the number of data records, x
vector of the i-th building comprising K|, attrlbutes andy;"” is the corre-
sponding binary label vector encoding the C initially recorded retrofit
measures, the pre-processing stage entails two complementary reduc-
tions to produce the base dataset. First, the initial feature set is restricted
to a stakeholder-accessible subset of K* features, K* <« K, comprising
the three attribute groups and the target described in Section 3.1:

xf”“) =1 xia”) e RX",

K—K +K +K +K

bld
where Kloc Kgl @ K:pc, and K, denote the number of stakeholder-
accessible location-related attributes, general building characteristics,
EPC-derived features, and the target energy class (K, = 1), respec-
tively.

This projection enables GDPR-aligned data minimization and re-
duces end-user burden by limiting model inputs to information typically
available to building owners.

With regards to the classification target, the initial label space is
mapped onto the C = 4 retrofit categories introduced in Section 3.1, by
grouping individual renovation measures accordingly. This reduction is
dataset-specific and can be expressed as:

{0, 1}*,

0)
accessible (Xi ),

v =T¢P). r:01)¢ -

yielding Yi = [i1s Yin Vi y,~4]T € {0,1 }4~
Hence the resulting post-preprocessing (base) dataset is:

Dy = {x““y))Y, x“ erK, y e}t

Regarding the sample space, depending on the characteristics of each
dataset, operations such as one-hot encoding, label encoding, elimina-
tion of missing values and inconsistent data representations are gener-
ally required and are dataset-specific as well.

3.2.3. Feature engineering

Feature engineering is an intermediate step, where the feature space
is optionally enriched with derivative features to enhance the value of
the available data and uncover hidden patterns. This step is particularly
useful in data-scarce scenarios as it can help encode patterns that are
underrepresented or even absent in the training data. Developers can
therefore used their domain knowledge and adjust this process to take
into consideration regional regulations and data availability levels, cre-
ating context-aware features tailored to each building environment to
improve model performance. Importantly, these engineered features do
not interfere with the user experience, as they are derived implicitly
by the model during inference, without requiring additional end-user
input.

Formally, starting from the stakeholder-accessible set of K* features
deﬁned in Section 3.2.2, the developer may enrich the input space with
p o¢ domain-informed product features.

Subsequently, the XAI layer of Section 3.2.4 can be used to ensure
that transformations contribute meaningfully to model performance and
end-up with an optimal feature space.

3.2.4. Explainability and human oversight

The framework integrates an XAI layer that support transparency
and human oversight. Explanations initially reveal which input vari-
ables drive each retrofit recommendation, enabling systematic auditing
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and increasing developer confidence in the model’s decision rationale. In
parallel, XAl operates as a model validation and refinement mechanism,
assisting in the detection of redundant variables, spurious correlations,
and missing explanatory factors.

In this direction, we employ SHapley Additive ExPlanations (SHAP)
[59] which is theoretically grounded in Shapley values from cooperative
game theory. These values quantify each feature’s contribution to the
deviation between the model prediction and the expected prediction
[60]. The Shapley value for feature i is computed as:

ISIAFI=1S1-1)

!
;i = Tl [fsuiy Gsupy) — fs(xs)]

SCF\{i}

where S is any possible subset of features that does not include i, | F|
is the total number of features, fg,(;;(Xsy(;)) is the model’s prediction
using only the features in S and f¢(xg) is the model prediction when i
is not included.

The contribution of each feature is quantified by its SHAP value,
which reflects its importance. Larger absolute SHAP values indicate
greater influence on the prediction. Positive values increase the output
score, while negative values decrease it, corresponding to movement
toward class 1 or class 0, respectively, in classification settings. Global
explanations are analyzed using SHAP summary plots, where features
are ranked by mean absolute SHAP value and each point corresponds to
a sample-level contribution. Local explanations are examined through
SHAP waterfall plots, which decompose an individual prediction into
additive feature contributions starting from the expected value E[f(x)]
and ending at the final prediction f(x).

Given the above, the overall process comprises the identification of
features (such as high-detail location identifiers) that contribute mini-
mally or unexpectedly to predictions based on SHAP values, leading to
their removal or modification. Specifically, features that consistently ap-
pear with very low SHAP values across all output retrofit measures can
be considered redundant and be excluded. Additionally, features that
show unclear patterns of importance or are ranked as highly impor-
tant in conflict with domain knowledge may also be removed, as they
could hinder model performance. This process is conducted iteratively T
times, enabling continuous refinement of both model transparency and
predictive performance.

Formally, we evaluate T candidate feature subsets of the enriched
feature set described in Section 3.2.3. Each subset contains K® features,
where K® < K* + K* . t=1,..,T. The feature subsets are selected
under human oversight, guided by domain knowledge and the XAI re-
sults obtained in each iterative round. For each t, an intermediate model
is defined as:

for 1 REY 0,174

and is trained on the corresponding dataset:

No
i=1’

DO = (" g, " eRrK”, y e} r=1...T

Explainability is then expressed via SHAP values as:
¢ = SHAP(fy0, D),

where ¢ denotes the set of SHAP values computed for all features
and samples under model f,. These are then jointly examined with
predictive performance metrics (see Section 3.3) and visual inspection
of SHAP outputs.

Since the task is multi-label, SHAP analyses are conducted per label
dimension, allowing feature relevance to be assessed separately for each
retrofit category. The resulting optimal feature configuration index r* is
selected based on predictive performance and explanation consistency
under human oversight. The corresponding feature space is RX = RK(m,
yielding the corresponding feature space-optimized dataset:

No
i=1°

DO =y X erK, y e (0.1
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Table 1
Optimized hyperparameters and corresponding search spaces for the MLP
model.

Hyperparameter Search space

Number of layers
Layer sizes
Learning rate
Batch size

2,3,4,5,6
32, 64, 128, 256, 512
0.0001, 0.001, 0.01
16, 32, 64, 128

3.2.5. Synthetic data generation

Regarding the method used for SDG, we use the conditional tabular
generative adversarial network (CTGAN) [61] as a streamlined method
tailored to tabular data and conditional generation. Specifically, CT-
GAN is a variant of GANs that was proposed to model tabular data and
overcome challenges posed by imbalanced datasets. It employs mode-
specific normalization, which converts continuous features into a vector
representation suitable for models like MLPs. This approach deals with
the non-Gaussian and multi-modal distributions commonly present in
tabular data. With respect to the class-imbalance in discrete columns, it
is handled by a conditional generator and the training-by-sample strat-
egy. By setting specific conditions as input, the SDG process focuses on
underrepresented classes, ensuring also that they are involved equally
in the training. The synthetic dataset is therefore defined as:

D={&,5)) 7,

where N, denotes the number of generated samples. Therefore, the final
augmented dataset after SDG becomes:

D=D"uD={x.y)1Y,, x, €RK y e{01}, N=Ny+N,

Once the synthetic data are generated, they are evaluated to verify
that they retain statistical properties consistent with the original dataset.
In particular, structural consistency, marginal column distributions, and
inter-feature relationships between the synthetic and real datasets are
assessed.

3.3. Experimental setup

The experimental setup adopted for the application of the framework
on our two case studies is designed to systematically evaluate its perfor-
mance under realistic conditions. The MLP model is implemented using
PyTorch [62] and specifically PyTorch Lightning [63]. With respect to
the activation function, we apply ReLU in the hidden layers and sigmoid
in the output layer. As regards the optimizer, Adam (Adaptive moment
estimation) optimizer is selected, as it is widely used in related cases.
Regarding loss function, BCE is chosen as the standard option for neural
network-based classification.

The dataset used is split into three subsets for the training, optimiza-
tion and evaluation of the model. Specifically, it is divided with 75%
of the data samples allocated to train/validation set and 25% to test
set. The former is further split into 75% for training and 25% for vali-
dation. Numerical features are normalized using min-max scaler, while
categorical columns are encoded. We also apply early stopping based on
the validation loss to prevent overfitting and reduce the computational
cost.

Regarding the hyperparameter tuning, it is implemented by Op-
tuna [64] optimization library in Python. Tree-structured parzen esti-
mator (TPE) is used as the sampling strategy in order to select the most
promising combinations of hyperparameter values. Moreover, the prun-
ing strategy Median Pruner terminates ineffective training early based
on the validation loss. The search space of each hyperparameter is pre-
sented in Table 1. We execute 50 trials to select the optimal architecture
of the model, learning rate and batch size for training process.

Model performance is evaluated through various metrics commonly
used in classification problems. Accuracy is the ratio of correct predic-
tions to total predictions as shown in Eq. (5) calculated based on true
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positives (TP), true negatives (TN), false positives (FP), and false neg-
atives (FN). Precision shows the ratio of correct positive predictions to
total positive predictions and it is defined by Eq. (6). Recall is the ratio
of correct positive predictions to total actual positive samples as shown
in Eq. (7). F1 score refers to the harmonic mean of Precision and Re-
call according to Eq. (8). Although all these metrics are important, it
should be noted that accuracy may be misleading in class-imbalanced
settings, as it is primarily influenced by majority classes [65]. For this
reason, the remaining metrics, particularly the F1-score, should be con-
sidered primary indicators, as they provide a more informative measure
of model performance. In our model we adapt the above metrics to the
multi-label classification, i.e. Multilabel Accuracy. They are calculated
independently for each label and then the unweighted average is ex-
tracted.
TP+TN

Accuracy = 5)
TP+TN+FP+FN

TP

Precision = —LE

recision = - ~FP (6)

Recall = _Tre 7)
TP+ FN

F1 score = 2 X Pre?Cfswn X Recall ®)
Precision + Recall

For the explainability analysis, we utilize the SHAP Python library
to calculate SHAP values for all target classes. CTGAN is implemented
with the Synthetic Data Vault (SDV) [66], a Python library which in-
cludes tools for tabular data generation. The hyperparameters are set
to the default settings of SDV’s CTGAN synthesizer and training is con-
ducted for 800 epochs. The SDG is performed with conditional sampling
to address class-imbalance by directing the process toward minority la-
bels. Given the interdependencies between the four labels (energy effi-
ciency measures) due to the multi-label nature of the task, we generate
synthetic samples under different conditions to achieve a balanced class
distribution for each label.

For the synthetic data evaluation, we use Python library SDMetrics
(Synthetic Data Metrics) [67], which is developed to compare synthetic
against real tabular data. We apply a diagnostic report using SDMet-
rics, which checks that all columns are included and their data types
are preserved (i.e. the data validity) [67]. To evaluate the similarity of
distributions and correlations of the features, we utilize the SDMetrics
quality report, which contains the following metrics serving our purpose
effectively [67]:

e Column Shapes Score [67]: It evaluates the overall distribution of
each individual column (its similarity across original and synthetic
data). KSComplement metric is computed for numerical columns us-
ing the Kolmogorov-Smirnov statistical test to measure the distance
between distributions. TVComplement is calculated for categorical
columns. This metric is derived from the Total Variation Distance be-
tween synthetic and real columns, expressing the frequency of each
category as a probability.

e Column Pair Trends Score [67]: It assesses whether the synthetic
data captures relationships between columns. As regards numerical
features, Correlation similarity is computed and specifically Pearson
correlation coefficient. For pairs of features consisting of two cate-
gorical features or one categorical and one numerical, the Contin-
gency similarity metric is used, which compares contingency tables
through Total Variation Distance. Regarding the mixed pairs, nu-
merical columns are discretized into bins in order to evaluate the
frequency distributions of value combinations.

A higher score indicates greater similarity between synthetic and real
data. The final results include both the average scores across all columns
or column pairs, as well as the individual scores for each column.
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The generated data is utilized to train and evaluate the MLP model,
following the same experimental setup as applied to the original dataset.
The test set remains identical to that used for the initial data to ensure
consistency in evaluation. For training, we employ a combination of
synthetic data and the remaining original data (excluding the test set).
This combined dataset is then partitioned into training and validation
subsets, with 75% allocated for training and 25% for validation.

Note here that this experimental setup is common to both case stud-
ies presented in the following sections, ensuring consistency, repro-
ducibility, and comparability.

4. Case study I
4.1. Dataset, data pre-processing, and feature engineering

Our first case study applies the proposed framework to a well-
established, large dataset: the English Energy Performance of Buildings
Data for England and Wales [19], a publicly available EPC database
managed by the UK Department for Levelling Up, Housing and Com-
munities. Specifically, we used the 08/09/2025 version of the dataset,
focusing on residential buildings. The dataset contains officially doc-
umented EPCs, where building characteristics and the effects of im-
plemented or recommended energy efficiency retrofit measures are as-
sessed and recorded by accredited energy auditors in accordance with
national regulations. As such, a wide range of attributes describing both
pre- and post- retrofit building information is included.

Following the guidelines outlined in Section 3, regarding feature se-
lection, we concluded to the initial feature set of Table 2. With respect to
the output retrofit measures, the recorded improvements in the dataset
were mapped onto the four retrofit categories addressed by our frame-
work (see D for further details).

We applied data pre-processing to remove null and invalid values.
Entries in which the energy class did not clearly improve after the
retrofit actions were also removed to ensure unambiguous class up-
grades. Furthermore, a harmonization step was performed to ensure
consistency in value representation—for example, the “Floor level” fea-
ture was converted into numerical integers. The final processed dataset
comprised 183,541 samples, each corresponding to a distinct building.

Despite its extensive size, the dataset exhibits a notable class-
imbalance across the energy efficiency improvement measures (out-
puts), as illustrated in Fig. 2. This characteristic makes it particu-
larly suitable for testing our framework on large datasets where class-
imbalance represents the main limitation.

Note here that through our feature engineering approach we ended
up with no additional features for this case study as domain expertise did
not reveal useful product features that could be derived from the exist-
ing inputs without further complicating the requirements. Nevertheless,
this step is less critical in this case, as the large dataset size facilitates
the model’s ability to learn patterns effectively without explicit feature
engineering.

4.2. Explainability

Examining potentially redundant or uninformative features in the
summary plots of the global explanations, it was evident that “Wind
turbine count” and “Photo supply” consistently appeared among the
lowest-ranked features, with very small SHAP values. For “Wind turbine
count”, this observation was reinforced by the fact that a large percent-
age of buildings did not have wind turbines, providing limited infor-
mation for meaningful conclusions. Furthermore, the location-related
features—-namely “Local authority label”, “County”, and “Constituency
label”-tended to rank in the upper half of feature importance, but their
SHAP values did not exhibit clear patterns. Considering the large num-
ber of possible values for these features, this suggested that they could
possibly be safely excluded. More details can be found in the A, with the
Fig. A.11 serving as visual evidence. We evaluated model performance
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Table 2
Selected input features for the UK dataset.
Feature Description Unit Type
Current energy rating Energy class before retrofit - Categorical
Potential energy rating Target energy class after retrofit - Categorical
Property type Type of property (e.g., house, flat) - Categorical
County County where the building is located - Categorical
Energy consumption current  Annual total energy consumption before retrofit kWh/m? Numerical
Total floor area Total useful floor area of the building m? Numerical
Mains gas flag Presence of mains gas (presence of a gas meter or a gas-burning appliance in the dwelling) - Boolean
Floor level Floor level of the property - Numerical
Flat top storey Whether the flat is on the top storey - Boolean
Flat storey count Number of storeys in the building - Numerical
Extension count Number of extensions added to the property - Numerical
Number habitable rooms Number of habitable rooms - Numerical
Number heated rooms Number of heated rooms - Numerical
Number open fireplaces Number of open fireplaces - Numerical
Wind turbine count Number of wind turbines - Numerical
Floor height Average height of the storey m Numerical
Photo supply Percentage of photovoltaic area as a percentage of total roof area % Numerical
Solar water heating flag Presence of solar water heating - Boolean
Local authority label Local authority name - Categorical
Constituency label Parliamentary constituency name - Categorical
Construction age band Age band when building constructed - Categorical
100% —(
! 151,079 149,510 147,552
80% -
127,817

2 60%-
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Fig. 2. Distribution of energy efficiency measures (target variable) in the UK dataset.

Table 3

Model evaluation on the UK dataset using the initial and final feature set (with-
out features Local authority label, County, Constituency label, Wind turbine count,
Photo supply).

Feature set Accuracy Precision Recall F1 score
Initial 0.825 0.768 0.767 0.740
Final 0.836 0.792 0.774 0.763

after removing these features individually and collectively and found
that their removal did not degrade performance; in fact, it improved it
as shown in Table 3. Consequently, these features were excluded, with
the updated summary plots presented in Fig 3. For each target class (i.e.
“Building Fabric Interventions”, “Heating and Lighting Controls”, “Heat-
ing System Installations”, and “DHW Upgrades”) we created a separate
plot, which illustrates the distributions of SHAP values revealing the in-
fluence of each feature in the decision to implement the corresponding
measure.

Across all output classes, features related to energy consumption,
building age, and potential energy ratings consistently demonstrate high
influence, underscoring their critical role in predicting intervention out-
comes. Multiple patterns emerge, indicating that energy-related features
consistently drive intervention recommendations, while structural at-
tributes modulate their importance across different intervention types.

Overall, the SHAP analysis provides interpretable insights into the inter-
nal decision-making processes of the decision support framework, offer-
ing valuable guidance for applying its results. Additionally, more gran-
ular insights for individual buildings can be obtained through waterfall
plots (Fig. C.14), which illustrate how each feature contributes to spe-
cific predictions, enhancing the transparency and interpretability of the
model’s decisions.

4.3. Synthetic data evaluation

Using CTGAN, we generated 350,000 synthetic samples to balance
the distributions of the four output variables, as Fig. 4 illustrates. Before
proceeding to the results of the model trained on the synthetic data, we
evaluate them:

e Diagnostic report: The validity test yielded a result of 100%, which
implies that the basic format and structure of the synthetic data ap-
pear identical to those of the real data.

e Quality report: We obtain a Column Shapes Score of 88.82% and a
Column Pair Trends Score of 74.56%, resulting in an average simi-
larity score of 81.69%.

The evaluation indicates that the synthetic data closely resembles the
original dataset.
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Fig. 3. Summary plots of SHAP values for each retrofit class in the UK dataset.

Although the above average scores provide a comprehensive and
general evaluation, it is also worth to analyze each column’s score sep-
arately. Fig. 5 visualizes the Column Shapes Score values that were
achieved for each feature. While most features achieved a high score,
we observed that the lowest scores corresponded to the four target
variables-a reasonable result since their distributions were explicitly de-
fined during the data generation process. Excluding these targets, the
average Column Shapes Score increases to 91.64%, demonstrating a
strong overall similarity between the synthetic and real data.

4.4. Model evaluation on initial and augmented data

Table 4 presents the model evaluation results for both the initial and
augmented datasets, evaluated on the same real test data.
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Table 4
Model evaluation on the initial and augmented UK datasets.
Train data Accuracy Precision Recall F1 score
Initial 0.836 0.792 0.774 0.763
Augmented 0.766 0.758 0.829 0.785

The model trained on the augmented dataset, containing both syn-
thetic and real data, is evaluated on the real test set, exactly as the model
trained only on real data allowing a direct comparison. As shown, al-
though the model performs well on the initial dataset, incorporating
synthetic samples to augment the training set further improves over-
all performance, as reflected by the increase in F1 score. The observed
drop in accuracy is expected, as this metric is less suitable for evaluating
models on class-imbalanced data [65].



P. Rempi et al. Energy & Buildings 360 (2026) 117340

100% - 0
1
80% -
. 344,785 339,447 340,279 335,266
E 60%-
w2
S
2
é 40% - 188,755 194,093 193,261 198,274
N I I
0%
Building Fabric Heating and DHW Upgrades Heating System
Interventions Lighting Controls Installations
Measures
Fig. 4. Distribution of energy efficiency measures (target variable) in the augmented UK dataset.
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Fig. 5. Column Shape Score per column of the UK dataset.
5. Case study II qualified professionals, including measurements collected before and af-
ter the implementation of the renovation actions. As such, the dataset
5.1. Dataset, data pre-processing, and feature engineering reflects real retrofit interventions with validated outcomes, rather than
hypothetical scenarios or purely ex-ante estimates.

Our second case study applies, validates, and reports the results of Based on the methodology requirements for feature selection, we
our decision support framework on the “RETROFIT-LAT” dataset [20] identified an initial feature set, as presented in Table 5. For the output
and specifically using its first part named EF_comp. This dataset com- retrofit targets, we used the features “Carrying out construction works”,
prises 198 samples and 80 columns, with each row representing a resi- “Reconstruction of engineering systems”, “Water heating system” and
dential building in Latvia that has implemented energy efficiency mea- “Heat installation”, mapping them respectively into the four retrofit cat-
sures to improve its energy class under project supported by the Latvian egories defined in our study.

Environmental Investment Fund (LEIF). A complete description of the Data pre-processing was conducted to identify and remove null val-
dataset is provided in [20]. The general, structural, and energy-related ues and outliers. Null values were minimal, occurring only in “The
building characteristics are derived from energy audits conducted by Town/village” feature. Outliers were examined using the z-score method

11
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Table 5
Selected input features for the Latvian dataset.
Feature Description Unit Type
Region Planning region of the building - Categorical
The town/village Town or village of the building - Categorical
County/City County or city of the building - Categorical
Initial year of exploitation Year the building was first used - Numerical
Building Total Area Total area of the building m? Numerical
Room volume The total volume of rooms in the building m? Numerical
Average floor height Average height of floors m Numerical
Reference area The reference area used in energy performance calculations (Heated area) m? Numerical
Above-ground floors Number of floors above ground - Numerical
Underground floor Existence of underground floor - Boolean
Mansard Existence of mansard (roof with 4 sloping sides) - Boolean
Roof floor Existence of roof floor - Boolean
Initial energy class Energy class before renovation - Categorical
Energy consumption before ~ Total energy consumption before renovation kWh/m?>  Numerical
Energy class after Energy class after retrofit - Categorical
100% - 0 188 187
1 170
80% -
2 60% - 110
a
~§ 88
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Fig. 6. Distribution of energy efficiency measures (target variable) in the Latvian dataset.

[68] and our critical observation, which resulted in the removal of
one sample. As reported in the original publication [20], the remain-
ing features were already cleaned and validated, requiring no further
pre-processing.

Through an exploratory data analysis, we identified several data is-
sues that need to be addressed:

¢ Class-imbalance: The target classes representing energy efficiency
measures are highly imbalanced across the dataset. As shown in
Fig. 6, the percentages of samples with label 1 (implementation)
in measures “Building Fabric Interventions”, “Heating and Light-
ing Controls”, “DHW Upgrades”, “Heating System Installations” are
86%, 56%, 5% and 6% respectively. Especially the number of posi-
tive samples for the last two measures is extremely small, introduc-
ing a bias towards no-implementation and limiting the existence of
meaningful patterns.
e Data scarcity: An evident data scarcity issue is observed in “Initial
energy class” and “Energy class after” features. The dataset covers
only a limited subset of possible combinations of classes (transitions
due to energy efficiency improvements) as illustrated in Fig. 7 with
several values being insufficiently represented. For instance, build-
ings initially in class E have reached class C in their majority, just 3
buildings transitioned to class B and there is no data for transitions
into classes D and A.
Limited size: The dataset contains only 198 data samples, which nor-
mally restricts the derived model’s ability to generalize, increases the
risk of overfitting, and reduces the reliability of predictions.

Based on the characteristics of the dataset and the observed scarcity
of certain energy class combinations, we introduce a new feature during
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Fig. 7. Heatmap of Initial energy class and Energy class after combinations in the
Latvian dataset.

the feature engineering stage named “Energy performance delta”. The
followed approach involves deriving a continuous variable from com-
binations of other variables, including categorical ones. We speculate
that the upgrade of an energy class can be also represented numerically
based on regional standards and that this can improve the modelling
as certain combinations of initial and final energy classes are rare in
the training data. By converting these inputs into continuous variables,
the model is expected to capture more nuanced patterns that categori-
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Table 6
Definition of energy classes for residential buildings in Latvia.

Energy consumption for heating (kWh/m?)

Building energy efficiency class
& & v Heated area (m?)

from 50 to 120 from 120 to 250 over 250
A+ <35 <35 <30
A <60 <50 <40
B <75 <65 <60
C <95 <90 <80
D <150 <130 <100
E <180 < 150 <125
F over 180 over 150 over 125

cal features alone might miss. This generalization was expected to not
only enhance the learning of subtle relationships but also allows the
model to make informed predictions on cases that were not explicitly
observed during training. In Latvia, energy classes are defined as de-
scribed in Table 6 [69], based on energy consumption for heating and
the heated area (“Reference area”). Therefore, the new feature “Energy
performance delta” is calculated as in Eq. 9.

AE,

class = Einitial ~ Efinal ©

where Ej ;i and Egp, represent the upper limits of the energy con-
sumption ranges for the initial and final energy classes, respectively.
A positive value of AE,. indicates an improvement in energy perfor-
mance. This feature captures the magnitude of the energy efficiency im-
provement required for the specified energy class transition, serving as
a proxy for the extent of retrofitting needed.

It is worth noting the assumption made in calculating the ‘Energy
performance delta”. Since we use the upper limits of each energy class,
the resulting value represents the maximum required improvement in
energy performance or, in other words, the maximum reduction in en-
ergy consumption needed for the transition. While a building may re-
quire a smaller change to reach a more efficient energy class, this ap-
proach provides a general measure that guarantees the desired upgrade,
even in the worst-case scenario. Also, note here that although automated
feature engineering tools exist, this manual feature was intentionally
created using domain expertise that is grounded on Latvia’s regulatory
definitions for energy efficiency. In this way, we aim to illustrate how
designers can use local standards to create meaningful, context-aware
features for their own building stock and regulatory environment, boost-
ing both performance and interpretability of their models.

5.2. Explainability

Using the initial set of features (as defined in Table 5), it was
observed that location-related features —namely “The town/village”,
“County/City” and “Region”- had the greatest contribution across all
measures. This was quite an unexpected finding that could imply model
overfitting to spurious correlations among features and potentially
shortcut learning due to limited dataset size [70]. One possible reason
stemmed from the fact that these features exhibited large cardinality
that resulted in a limited sample count for each unique value (cardi-
nality of 122 and 68 respectively for a total number of 198 samples).
Additional information can be found in B, where Fig. B.12 serves as vi-
sual support. To further reinforce this claim, Table 7 lists the results of
a model with and without the inclusion of location features as predic-
tors. It is evident that the predictive capacity of ML models is hardly
affected by location features, indicating that it is safe to exclude them
from our feature set. At the same time, this choice enhances the general-
ization of the model as these features refer to specific cities and regions
of Latvia, hence preventing inference to buildings located at alternative,
previously unseen geographical areas. Fig. 8 depicts the summary plots
after the removal of the location-related features.
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Table 7
Model evaluation on the Latvian dataset with and without location features (The
town/village, County/City, Region).

Location features Accuracy Precision Recall F1 score
Without 0.834 0.358 0.402 0.375
With 0.828 0.352 0.417 0.384

Regarding feature importance, one of the most prominent features
appears to be the “Initial energy class”, which ranks at the first place
in “Building Fabric Interventions” and “Heating System Installations”
and at the second in “DHW Upgrades”. For instance, in the first sum-
mary plot (Fig. 8a), higher values of the “Initial energy class” feature
correspond to positive SHAP values (indicating a tendency to predict 1
for the measure), while lower values are associated with negative SHAP
values (indicating a tendency to predict 0). The encoding of this cat-
egorical feature was performed using a label encoder, preserving the
class order as follows: A:1, B:2, C:3, D:4, E:5, F:6. This implies that the
measure “Building Fabric Interventions” is more likely to be applied to
buildings with the lowest energy classes. This result is quite intuitive,
as low energy efficiency typically requires improvements to the build-
ing envelope and insulation, which are critical determinants of overall
energy performance.

Subsequently, the“Underground floor” feature also stands out as a
significant factor. The latter is binary with value 1 for buildings with a
basement and 0 for those without. From Fig. 8a it can be inferred that
buildings with an underground floor (high values - red dots, i.e., 1) are
more likely to adopt the measure, whereas the opposite holds for build-
ings without underground floors (low values - blue dots, i.e., 0). While a
similar trend is observed for the “DHW Upgrades” measure, the opposite
results are derived for the “Heating and Lighting Controls”. For “Heating
System Installations”, however, the existence of an underground floor
presents mixed results. Similarly, “Above-ground floors” emerges as an
impactful feature, showing a clear separation of its values. Buildings
with more floors are more likely to carry out construction works, while
fewer floors are associated with the rest of measures.

Similar conclusions can be drawn for other combinations of features
and target classes. Overall, it is evident that both the initial and final
energy classes are pivotal in the selection of retrofit measures, as antic-
ipated. Additional significant features include those related to the num-
ber of floors, the year of construction, and the two roofing types. The
remaining features also contribute to the predictions although their im-
pact is generally represented by lower SHAP values.

As an additional observation, the SHAP values for “Heating System
Installations” and “DHW Upgrades” are generally lower compared to
the other two measures. This can be attributed to their smaller number
of positive samples in the dataset. It is worth noting that the results
are influenced by class-imbalance and other data issues, which affect
prediction performance.

To analyze the exact contributions of each feature to the model’s spe-
cific recommendations we proceed with SHAP’s local explanations. To
illustrate them we use the waterfall plots of each individual prediction
with indicative diagrams for one selected data sample in Fig. C.15. By
examining the waterfall plots of each individual data point, we obtain
an overview of the influence of each feature in terms of both amplitude
and direction. Overall, we observe several consistencies with the global
average patterns but variations as well. Therefore, no safe conclusions
can be drawn, as each observation requires individual inspection, but it
serves as a transparency mechanism, providing insights into the model’s
reasoning.

We then proceed with validating the creation of the “Energy perfor-
mance delta” feature. The first evaluation of this newly created feature
is conducted by examining its contribution to model performance. Its in-
troduction has led to improvements in all metrics as shown in Table 8.
Consequently, as the new feature has been proven successful, it will be
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Fig. 8. Summary plots of SHAP values for each retrofit class in the Latvian dataset.

Table 8
Model evaluation on the Latvian dataset with and without the new feature (En-
ergy performance delta).

New feature Accuracy Precision Recall F1 score
Without 0.834 0.358 0.402 0.375
With 0.842 0.384 0.415 0.401

incorporated as a default feature from now on. Nonetheless, we should
note that this feature is derived based on the Latvian energy standards,
therefore resulting to limited model generalization. Hence, it introduces
a trade-off between performance and generalization.

By repeating the explainability analysis with the inclusion of the new
feature “Energy performance delta” (Fig. B.13) its contribution is con-
firmed. More specifically, regarding feature importance, it appears to be
in ninth position out of thirteen for “Building Fabric Interventions” mea-
sure, slightly lower for the “Heating and Lighting Controls” and among
the five most important for the other two measures. This can be at-
tributed to the fact that measures with fewer positive samples (“Heat-
ing System Installations”, “DHW Upgrades”) gain significant advantages
from this auxiliary feature, while the “Heating and Lighting Controls”,
having sufficient samples, experiences comparatively less impact. A
slight redistribution of the other features’ importance is also observed.
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One of the most notable changes is “Energy class after” which gets
more significance in the predictions with its impact becoming clearer.
Even in cases where the contribution was previously mixed, such as
the “Building Fabric Interventions” measure, higher feature values now
correspond to higher positive SHAP values, and lower feature values to
lower negative ones. However, the local explanations still reveal that
the contribution of “Energy performance delta” can vary depending on
the individual sample context.

5.3. Synthetic data evaluation

The evaluation of the 800 generated samples reported a 100% Diag-
nostic Report score and an 78.27% Quality Report score, consisting of
a Column Shapes Score of 78.27% and a Column Pair Trends Score of
65.57%. These results indicate that synthetic data closely resemble the
original data in terms of individual column distributions, while captur-
ing relationships between features proves more challenging [71]. How-
ever, given the limitations of the initial dataset (i.e., limited quantity
and class-imbalance) used to train the CTGAN, this result is both antic-
ipated and acceptable for the objectives of our study.

When analyzing the Column Shapes Scores for each feature individ-
ually in Fig. 9, a difference in shape quality between categorical and nu-
merical columns is apparent, with the former outperforming the latter.
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Fig. 9. Column Shape Score per column of the Latvian dataset.

Table 9
Model evaluation on the initial and augmented Latvian datasets.

Train data Test data Accuracy Precision Recall F1 score

0.842
0.654

0.384
0.408

0.415
0.639

0.401
0.446

Initial
Initial

Initial
Augmented

As it is generally found [67], discrete columns (categorical and boolean)
with a small number of well-defined categories result in more accurate
synthetic data distributions. This happens because they are inherently
simpler to model compared to continuous columns, which span large nu-
merical ranges. An exception is observed for the target variables, whose
distributions are determined by the conditions applied during data gen-
eration process.

5.4. Model evaluation on initial and augmented data

Table 9 shows the model evaluation when trained on the initial and
augmented datasets respectively.

Regarding the training on the initial dataset, the precision, recall
and F1 score are quite low, confirming the dataset’s challenges, already
identified in Section 5.1, affect the model performance negatively. Con-
versely, accuracy scores a high value, but it can be misleading, since in
class-imbalanced problems like ours this metric mainly focuses on the
majority classes [65].

The augmented dataset has mitigated significantly the class-
imbalance issue, as illustrated in Fig. 10 which shows the more balanced
target distributions after the data generation process. Although accuracy
decreases, this reduction is expected and acceptable since this metric is
now more representative and reflects the actual capability of the model.
More interestingly, it is obvious that the enrichment benefited the model
performance in terms of precision, recall and F1 score. Recall exhibits
the greatest improvement from 41.5% to 63.9%, indicating a better de-
tection of suitable recommendations. At the same time, the increase in
precision and F1 score imply a higher proportion of accurate predicted
renovations and an overall enhancement in performance respectively.
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6. Discussion

6.1. Practical real-world application of the proposed decision support
framework

The proposed decision-support framework is designed to provide
practical value for a diverse range of stakeholders in real-world decision-
making contexts. First, for end-users (building owners and investors), it
supports sustainable retrofit decisions by raising awareness and provid-
ing actionable guidance. Even with limited technical knowledge, users
can input a minimal set of building characteristics and receive recom-
mendations tailored to achieve their energy efficiency targets. This en-
ables quick and easy first end-to-end insights into retrofit feasibility and
expected benefits, without the need for time-intensive or costly expert
audits or complex modeling. As a result, stakeholders can support high-
level early-stage decisions such as evaluating whether a retrofit invest-
ment is worth pursuing or supporting preliminary financial assessments
by banks or funding institutions, before committing to detailed technical
studies.

For developers, the framework facilitates trustworthy model design
and deployment, by providing transparency and enabling human over-
sight throughout the workflow. It allows them to validate model behav-
ior, refine features and detect potential issues, helping them guide the
implementation choices in a transparent and reliable manner, aligned
with real-world decision-making requirements. For energy agencies,
policymakers and investors seeking to create similar systems within the
EU energy efficiency investment landscape, the framework offers prac-
tical value since its flexibility enables adaptation to different building
stocks and regulatory contexts, ensuring relevance in diverse settings.
This adaptability is demonstrated through its replicability in two case
studies, showing that stakeholders can leverage data-driven insights to
prioritize retrofit investments, even when dealing with complex or chal-
lenging datasets. The practical value of our framework has also been
demonstrated through the integration of its core base into AI4EF (Arti-
ficial Intelligence for Energy Efficiency) [72], an operational decision-
support tool with a user-friendly web interface. It was validated by a
diverse group of stakeholders including policymakers, energy auditors,
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Fig. 10. Distribution of energy efficiency measures (target variable) in the augmented Latvian dataset.

IT specialists, and researchers, whose feedback ensured that the frame-
work evolved in a user-centric and accessible manner.

6.2. Comparison of case studies results

A comparative analysis of the two case studies provides valuable im-
plications into the broader behavior and adaptability of the proposed
decision-support framework beyond its methodological formulation. In
terms of performance, improvements were more pronounced in the Lat-
vian case study, which faced significantly more severe data limitations.
The UK case study started from a relatively higher performance, driven
by the larger dataset size and greater diversity of observations. Class-
imbalance in the UK dataset was less critical, as minority classes still
contained more than 30,000 samples, compared to approximately 10
samples in the Latvian dataset. This substantially reduced the difficulty
of identifying positive recommendations, i.e. instances where a retrofit
action should be implemented. Moreover, only one of the four target
variables in the UK dataset was heavily dominated by label 0. Since the
primary objective of the deployed model is to detect instances where
label 1 applies, this imbalance was less detrimental in practice. Overall,
these findings suggest that the framework delivers greater relative ben-
efits in data-scarce and highly imbalanced settings, where conventional
approaches are more likely to struggle.

Beyond performance, in both case studies location-related features
consistently emerged as candidates for exclusion, as they led to un-
expected or unstable model behavior across both contexts. While this
might appear counter-intuitive given the relevance of climate to en-
ergy performance, several explanations justify this outcome. First, en-
ergy performance information is already captured through the energy
efficiency classes provided as input before and after retrofit, render-
ing detailed location identifiers largely redundant. Second, location fea-
tures often exhibit very high cardinality, resulting in limited samples
per category and reduced learning potential. These findings underline
the importance of explainability-driven feature validation in avoiding
misleading correlations and shortcut learning rather than relying solely
on intuitive and well-established assumptions.

At the same time, common patterns in feature importance across the
two studies reveal transferable insights. Energy efficiency classes and
building age consistently emerge as key drivers of retrofit recommenda-
tions, indicating their central role in decision-making. Structural char-
acteristics, however, exhibit diverse relevance: building area is more
influential in the UK case, whereas the number of floors have a greater
role in the Latvian dataset. This highlights how national building stocks
and regulatory contexts shape the influencing factors of retrofit strate-
gies.

Finally, the comparison demonstrates the replicability and adapt-
ability of the framework across diverse settings. An indicative point is
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Table 10
Evaluation of framework effectiveness (relative performance improvement)
across different base models on the Latvian dataset.

Model Precision Recall F1 score
MLP 1.063 1.540 1.112
LightGBM 1.393 1.247 1.326
Rule-based 1.044 2.181 1.978

feature engineering, which has a more important role in the Latvian
case, due to data scarcity and regulatory characteristics that allow ex-
plicit feature derivation to enhance learning, while being less neces-
sary when richer datasets are available such as in the UK case study.
This illustrates that feature engineering is not a strict requirement but
a context-dependent design choice, guided by data availability and do-
main knowledge.

From a broader perspective, the two case studies demonstrate that
the proposed framework is not tailored to a single dataset or na-
tional setting but is replicable and adaptable across heterogeneous
building stocks and regulatory environment where data quality, stan-
dards, and market maturity vary significantly. Overall, these implica-
tions emphasize that the key contribution of the proposed framework
lies not only in performance gains, but in its ability to systematically
handle data limitations, guide model design decisions, and produce
transparent, context-aware recommendations suitable for real-world
deployment.

6.3. Discussion on framework effectiveness beyond model choice

Although the MLP model was selected as an indicative neural net-
work representative to effectively formulate and validate the proposed
decision support framework, Table 10 reports the results of additional
experiments conducted on the Latvian case study using alternative mod-
eling approaches. The relative performance improvement is used as the
primary indicator of the framework’s effectiveness. Specifically, we eval-
uate a tree-based ML model (LightGBM) and a simple rule-based base-
line, where retrofit recommendations are derived from the most fre-
quently observed measure combinations for each energy class upgrade
level in the train data. The results show that the proposed decision sup-
port framework leads to consistent performance improvements across
different underlying algorithmic approaches, supporting the effective-
ness and methodological relevance of the framework beyond a specific
model choice.

6.4. Limitations of the study

While the proposed framework shows promising potential to miti-
gate data-related challenges and enhance predictive performance, cer-
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tain limitations should be acknowledged. Despite the observed improve-
ments, model performance remains sensitive in highly imbalanced sce-
narios, particularly for underrepresented retrofit actions. This suggests
that SDG alone cannot fully compensate for limited real-world observa-
tions and that residual robustness limitations persist when class distri-
butions are extremely skewed. Such behavior is expected in decision-
support settings where certain retrofit measures are rarely applied in
practice and it highlights the inherent trade-off between data efficiency
and predictive stability. In addition, while GAN-based SDG has proven
beneficial under data scarcity and class-imbalance, it may reflect and
potentially amplify biases present in the original datasets, especially
when minority classes are unevenly distributed. Excessive reliance on
synthetic data may also affect model generalizability, particularly when
deployed in real-world settings involving out-of-distribution data. Con-
sequently, careful evaluation of the generated samples is conducted
against the real data, explicitly acknowledging potential risks. It should
be also noted that the SDG process does not explicitly enforce physical
or engineering feasibility constraints and, although feasibility is largely
inherited from the validated training data and the recommended retrofit
actions are not mutually exclusive or subject to strict engineering incom-
patibilities, this remains an additional source of uncertainty. While XAI
is a core component of the framework, its current implementation is pri-
marily oriented toward the developers’ and domain experts’ perspective.
Translating model explanations into intuitive, user-friendly outputs for
end-users remains an open research challenge.

In addition, the proposed framework does not explicitly optimize
retrofit strategies based on cost or economic metrics. Although economic
feasibility is implicitly reflected in the datasets, since the recommended
retrofit measures originate from real-world assessments conducted by
certified auditors and official energy agencies, the framework does not
directly model costs or perform cost-based optimization. Therefore, no
guarantees can be provided regarding the economic optimality of the
recommended solutions. Similarly, while practical correlations and co-
occurrence patterns between retrofit actions are implicitly learned from
the input features and the target energy class, the framework does not
explicitly enforce label dependencies or guarantee structurally consis-
tent recommended combinations. Finally, the reliability of the frame-
work is inherently linked to the quality and credibility of the under-
lying data. As such, it may be vulnerable to technically or financially
unsound inputs—for example, post-retrofit energy class estimations de-
rived from erroneous calculation methodologies used by auditors—-which
can propagate through the model and lead to inaccurate recommenda-
tions. Importantly, these limitations are not specific to the proposed ap-
proach but are common across data-driven methods. As such, they do
not undermine the framework’s practical utility; rather, they delineate
the conditions under which its outputs should be interpreted with ap-
propriate caution. In this sense, the framework is intended to support
informed decision-making rather than replace human judgment.

7. Conclusions and future work

This study proposes a novel trustworthy Al-based decision support
framework for recommending energy efficiency retrofit measures in res-
idential buildings, using neural network-based multi-label classification.
The framework is directed to non-technical end-users, such as build-
ing owners and investors, requiring only a minimal set of inputs de-
rived from basic building characteristics, location information, and EPC-
derived energy features. By framing the problem as a multi-label clas-
sification task, the resulting model directly recommends combinations
of measures, supporting deep renovations and reducing cognitive load
for stakeholders. An additional key contribution is the trustworthy-by-
design approach, aligned with ethical and emerging regulatory guide-
lines on four central aspects: transparency, human oversight, data gov-
ernance and fairness. To this end, an XAI layer guides feature engi-
neering, ensures model interpretability, and enables human oversight
for model developers, enhancing transparency. In the same direction,
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fairness and data quality are tackled by a GAN-based SDG layer that
mitigates data scarcity and class-imbalance, therefore enabling robust
performance even under constrained data conditions.

From a broader perspective, the study demonstrates how
trustworthy-by-design, data-driven decision-support systems can
scale across heterogeneous building stocks and regulatory contexts.
The application to two diverse case studies highlights the proposed
framework’s replicability across different building stocks and regulatory
contexts and relevance for European-level retrofit planning, where data
heterogeneity and uncertainty remain key challenges. Experimental
results show that the framework adapts well to contrasting data
conditions, improving recall by up to 53% —with smaller but consistent
gains in precision and F1 score- particularly in small and highly
imbalanced datasets, compared to a baseline model trained without
XAl-guided feature engineering or augmentation. Overall, the proposed
framework offers a practical, interpretable, and generalizable tool
for guiding energy retrofit decisions, balancing technical reliability,
usability, and regulatory compliance. With its broader practical insights
discussed in detail in this study, it is suitable for early-stage high-level
decision support, providing fast and accessible insights without reliance
on detailed technical inputs. Its flexible structure allows for further
expansion to different input features or retrofit recommendations
depending on data availability levels, while it supports key trustworthy
Al principles, contributing to and stakeholder confidence.

Future directions include expanding to additional regions, incorpo-
rating updated renovation outcomes, exploring alternative data genera-
tion techniques and model architectures. An important direction for fu-
ture work is the explicit integration of retrofit cost information and eco-
nomic performance indicators into the decision support process to en-
able optimal cost-aware extension of the framework. In addition, struc-
tured multi-label formulations could be investigated to explicitly cap-
ture interactions between retrofit measures as larger and more detailed
datasets become available. Another relevant direction is the develop-
ment of more user-friendly XAI outputs that translate explainability re-
sults into intuitive insights tailored to a broad range of stakeholders.
Our ongoing research focuses on transfer learning and lifelong learn-
ing strategies to enable cross-country generalization in building energy
retrofitting, thereby extending the scope and impact of the proposed
model.
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Appendix A. Additional summary plots of case study I
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Fig. A.11. Summary plots of SHAP values for each class in the UK dataset with the initial feature set.
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Appendix B. Additional summary plots of case study II
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Appendix D. UK dataset: output mapping

¢ Building Fabric Interventions: Cavity wall insulation, Draught proofing, Internal or external wall insulation, Replace single glazed windows with

low-E double glazed windows, Secondary glazing to single glazed windows, Increase loft insulation to 270 mm

e Heating and Lighting Controls: Low energy lighting for all fixed outlets, Heating controls (programmer and TRVs), Heating controls (programmer
and room thermostat), Heating controls (programmer, room thermostat and TRVs), Heating controls (room thermostat and TRVs), Heating
controls (room thermostat), Heating controls (thermostatic radiator valves), Heating controls (time and temperature zone control)

o DHW Upgrades: Increase hot water cylinder insulation, Hot water cylinder thermostat, Insulate hot water cylinder with 80 mm jacket, Add
additional 80 mm jacket to hot water cylinder

Heating System Installations: Wood pellet stove with boiler and radiators, Change heating to gas condensing boiler, Change room heaters to

condensing boiler, Replace boiler with new condensing boiler, Replace heating unit with condensing unit, Replacement warm air unit, Condensing
boiler (separate from the range cooker), Fan assisted storage heaters, Fan assisted storage heaters and dual immersion cylinder, Fan-assisted
storage heaters, Condensing oil boiler with radiators
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