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a b s t r a c t
Energy efficiency is critical for meeting global energy and climate targets, requiring however significant
investments. Due to the lack of mature decision-support systems and the utilization of traditional investment mechanisms that focus on the economical aspects of the energy efficiency projects and neglect their
environmental impact, such projects can experience difficulties in being funded. In the interim, the
impact of the digitization era is more apparent than ever, as algorithms and data availability and quality
have significantly improved. This study aspires to bridge the gap in energy efficiency financing with the
development of a data-driven methodology that labels energy efficiency investments based on their
expected utility in terms of renovation cost and energy savings. Various machine learning classification
methods are deployed and combined through a meta-learning model with the objective to improve overall classification performance and determine the funding that each investment should receive according
to its particular characteristics. The proposed methodology is evaluated using a set of 312 projects that
have been completed in Latvia. Our results indicate that the meta-learner outperforms all baseline classifiers, effectively identifying projects of high and medium potential and successfully distinguishing low
from high potential ones.
Ó 2022 Elsevier B.V. All rights reserved.

1. Introduction
Climate change already affects our lives and puts the Earth’s
ecosystem at risk. Scientists, governments, and institutions alert
that we are in an uncharted area full of uncertainty. The latest
attempt to reduce CO2 emissions and impose certain bounds on
temperature increasing rate was the Paris Agreement [19]. According to this agreement, the average global temperature increase
should be kept below 2°C in the following decades. To achieve this
goal, the International Renewable Energy Agency (IRENA) suggests
that a complete decarbonization of the energy sector is required by
2050 [30]. The change of energy mixture and the transition to a
‘‘green” energy era is not homogeneous throughout the Globe,
though; different countries meet different development conditions, i.e. different historical and cultural backgrounds as well as
varying economic, social, political, and environmental frameworks
[55]. In other words, achieving the targets set globally depends on
actions of individual countries or sectors which are not always harmonically acting against greenhouse gas emissions. These barriers
in energy transition enhance the importance of supplementary
⇑ Corresponding author.
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pathways to mitigate the energy footprint, such as the energy consumption reduction ones. This pathway includes the fostering of
energy efficiency (EE) investments, especially in buildings, as well
as the citizens’ willingness to engage in community-based renewable energy projects, which is influenced by many factors according to Kalkbrenner & Roosen [34]. The most important ones are
environmental awareness and the prospect of energy selfsufficiency [7], although willingness can also be affected by societal factors, such as trust and social norms [61]. On the other hand,
the difficulty of older generations to adopt climate-friendly habits
[2], necessitates the adoption of more efficient technologies. In this
respect, smart cities and building renovation projects are critical
towards a green energy era.
According to the International Energy Agency (IEA), the implementation of EE policies could result in nearly 36% of the avoided
greenhouse emissions by 2050 [27,28]. The vast majority of this
reduction is expected to come from building renovation projects
[59]. However, aside from the theoretical expectations, in practice,
EE investments face certain barriers; EE projects are often fragmented and their cost and energy savings are a priori unknown
or challenging to estimate accurately. Thus, stakeholders (private
financial institutions, investment funds, national and regional
authorities, as well as energy solution providers) lack mature
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 We provide our classification predictions in the form of probabilities to account for uncertainty and use these results to
dynamically make recommendations about the percentage of
grant financing that future EE investments should receive.

decision-making tools that could predict the utility of future EE
projects and help them guide their actions more reliably. Moreover, developing countries, which have tremendous potential to
increase their efficiency in terms of energy savings, have faced several obstacles, including lack of access to appropriate financing
mechanisms [48].
When it comes to financing large-scale EE investments, one of
the obstacles present is the potential lack of a sufficient amount
of data1 that could enable assessing their utility but, more importantly, the fact that even when such data exist and are readily available to use, they are not always exploited in a systematic way to
effectively support decision making. For instance, financing bodies
currently use different methods, standards, and data sources to evaluate the risk and the efficiency of future investments [25], as well as
different indicators to account for their economic structure, climate,
and geography, among other influencing factors. According to Painuly [47], the barriers to renewable energy may differ across technologies and countries. Especially the EU has recognized this
problem, funding research projects which aim to de-risk EE investments, such as EEnvest, Triple-A and Quest: 2050, among others
[38]. As a result, EE projects are often perceived to incorporate
higher risks and financing institutes tend to focus on other types
of projects or traditional investments [53].
In this paper we offer a data-driven perspective to the problem
of EE investments assessment. Motivated by the recent advances in
the field of machine learning (ML) and its successful use in the area
of classification, we propose the use of a meta-learning2 model that
predicts the utility of future EE projects in terms of cost and realized
energy savings. Using a rich data set that captures (i) the cost of renovation, (ii) the current energy consumption of the building, (iii) the
building’s special characteristics, as well as (iv) the expected and (v)
realized energy savings of multiple EE projects that have been completed in the past, we train several classification methods to determine the attractiveness of future EE investments (high, medium, or
low). Then, a meta-learner is used to define which classifier should
be particularly selected for making the prediction according to the
particularities of the examined project, thus further improving the
accuracy of our results. We demonstrate the merits of our approach
and discuss how it can be used in practice to assist stakeholders
diversify their EE investments based on their expected utility.
The contributions of our study are summarized as follows:

The rest of the paper is organized as follows. In Section 2 the
problem setting and literature review are presented. In Section 3
the developed methodology is described. In Section 4 an experimental application based on a real case study in Latvia is presented. Finally, concluding remarks are provided in Section 5.

2. Problem setting and literature review
It is generally acknowledged that energy use in buildings can be
significantly reduced through the adoption of existing energy saving technologies. However, EE projects may still experience difficulties in being financed due to the uncertainty and lack of an
integrated methodology for assessing and comparing their potential [33]. More specifically, Intrachooto & Horayangkura [29] have
identified renovation components interdependency, speculative
financial return, and lowest-cost mindset as the main factors from
which financial barriers emerge. Currently, EE refurbishments in
buildings are assessed by traditional investment delivery mechanisms developed by large financing institutions and banks.
Although several projects have been financed through this process,
much potential can still be exploited [60].
In recent years, the increasing adoption of information and
communication technologies (ICT), such as the internet of things
(IoT) and artificial intelligence (AI), have made it possible to obtain
large volumes of heterogeneous data which can lead to novel solutions and analyses [40]. More specifically, in the field of EE financing it is now possible to collect data from smart meters after the
implementation of refurbishments and obtain insightful information on their actual efficiency. However, EE financing in buildings
remains relatively under-researched and under-invested, according to Zhang et al. [67]. Consequently, future studies should focus
on the application of AI methods and techniques [15], as well as on
the optimal exploitation of available data towards providing tools
that accurately assess EE investments [32].
Few research works have attempted to provide a classification
prediction3 framework to support the financing community to identify
prosperous future renovation projects [18]. A literature review for EE
assessment approaches can be found in Tuominen et al. [63] where
the authors concluded that the economic indices are often overlooked
or superficially covered when EE is investigated. According to the same
study, payback period and cost mitigation are the two most frequent
economic objectives considered. In Stocker et al. [57], de Vasconcelos
et al. [64], and Ortiz et al. [46] the reader may find studies related to
cost-optimal analysis for the energy refurbishment of residential buildings in the cases of Alps, Portugal, and Catalonia, respectively. Apart
from the cost and payback period, the financial risk of the projects is
also used as a supplementary objective [22]. However, contrary to an
intuitive approach, financial efficiency is subset to the EE concept itself;
EE usually interplays with other environmental and social aspects [4].
In this context, in the present study we additionally include information about the buildings’ current energy consumption and characteristics (e.g. year of construction, heating area, and number of apartments),
as well as the CO2 reductions the EE investments are expected to
achieve as fundamental parameters of the EE assessment process.
Another novelty of our study is the utilisation of machine learning (ML) and meta-learning methods [39]. Most of past research
works assessed investments using frameworks based on multi-

 We offer a novel ML model that assesses the utility of future EE
projects in terms of cost and realized energy savings in a systematic way, thus assisting financing institutes in decision making. Our model is easy to replicate and can therefore be
incorporated in the existing systems of the institutes at a low
cost.
 Instead of classifying future EE investments using particular
indicators that estimate their efficiency theoretically, we base
our proposals on the realized utility of multiple, similar EE projects that have been completed in the past, thus empirically
learning from their success and limitations and tailoring our
suggestions according to the special characteristics of each
new investment.
 To mitigate the underlying risks of using a single classifier (e.g.
in terms of accuracy and robustness when it comes to small,
imbalanced, or noisy data sets) to evaluate future EE investments, we propose the use of a meta-learner which is responsible for identifying the classifier that is expected to result in the
most reliable predictions.
1
As an example, many of the projects being currently financed are of small scale or
at a pilot-level stage, rendering benchmarking a challenging task.
2
Meta-learning involves the utilization of ML methods with the objective to learn
how to best select or combine the predictions made by other ML methods.

3
The prediction can be either binary (invest vs. do not invest) or multi-class (e.g.
the potential of the investment is low, medium, or high).

2
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criteria decision analysis (MCDA) [54] (either exploiting discrete
MCDA methods [49,43], or continuous multiobjective optimization
[1]), cost-benefit analysis (CBA) [44], and cost-effectiveness analysis (CEA) [63,21] methods. However, these frameworks require in
depth knowledge of the economic, social, and climate factors that
affect each investment. Moreover, their performance is strongly
influenced by the assumptions made by the respective methods.
In this context, ML methods could be used as alternative, datadriven approaches to traditional EE assessment frameworks [66].
A recent review on ML applications in the energy economics and
finance area [24] showed that ML methods are mostly used in
crude oil and power price forecasting. Despite the constantly
increasing utilization of ML theory in the energy sector, the classification of EE investments based on their expected utility is a task
that could be further investigated.
This research work attempts to deploy ML methods and data analysis techniques in the EE investments area. In Doukas et al. [20], traditional, statistical classification methods, such as the ordinal logit, the
ordinal probit, and the linear discriminant analysis methods along
with a limited number of ML methods, such as the k-nearest neighbours and support vector machines were applied. In this regard, the
present study additionally considers the Gaussian naive Bayes,
extreme gradient boosted trees, and random forest methods in an
attempt to improve the accuracy of the predictions made through
methods of higher learning capacity. In addition, the proposed framework utilizes a meta-learner with the objective to identify the most
accurate classification method for each investment based on its particular characteristics, thus allowing further optimization and increasing
the potential value added by the proposed classification process. The
contribution of this study can be summarized in the utilization of a
meta-learning model with the aim to reduce the inherent risk of using
a single classifier, especially with small or imbalanced data sets. Contrary to previous studies, which have proposed tailor-made models for
specific data sets, this study provides a generalized framework that
generates reliable predictions in terms of accuracy and robustness
regardless of the selected features and the amount of available data.

In order to label past investments, the realized utility of each
project is computed using a measure of choice. In this study we
consider the investment efficiency ranking, as described in Section 4.1. Consequently, the top performing projects are labeled as
Class A, the worst performing projects as Class C, while the rest as
Class B. Having labeled the investments, the baseline classification
methods are used for classifying past projects and their predictions
are stored. Using these predictions as input along with the actual
labels of the investments and the features originally used by the
baseline classifiers, a meta-learner, namely a logistic regression
classifier, is trained with the objective to predict which of the five
baseline methods is the most appropriate for predicting the class of
each project. Given this insight, the ‘‘optimal” classifier is used for
each investment to derive the probability of each class. These probabilities are finally combined in order to provide a recommendation on the percentage of grant financing for a future investment,
as described in Section 3.3. The complete recommendation process
is summarized in Fig. 1.
Note that the framework of the proposed methodology is very
flexible in terms of investment features, classes, methods, and utility measures used. For instance, decision makers can adjust the
input variables used by the classifiers depending on their preferences or data availability. Similarly, they can modify the set of
baseline classifiers, considering different number and types of
methods. Finally, they can define the number of labels considered
by the classification methods, as well as the approach/measures
used for their determination. As such, the choices made in our
study for setting up the framework of the described methodology
and demonstrating its use should be considered indicative,
although they do utilize a meaningful set of parameters.
Note also that the flexibility offered by the proposed model can in
general be counterbalanced effectively in terms of classification performance through the meta-learner used. Depending on their algorithmic nature, different classification methods may be more
appropriate for handling small or imbalanced data sets, as well as
for making accurate predictions when multiple features are provided
as input, especially in cases where not all features are of critical or of
the same importance. For instance, decision-tree based methods (e.g.
XGBoost and RF) can naturally select the most relevant features for
making predictions based on the contribution of each feature in the
overall reduction of the forecast error when fitting the method.
Moreover, some methods (e.g. RF) are particularly effective in handling multiple feature, while others in dealing with data randomness
(e.g. RF and SVM). This is in contrast to methods like k-NN and Gaussian naive Bayes that, although more effective with small train sets
(less ‘‘data-hungry” algorithms), they cannot automatically select
the most relevant features and may therefore be negatively affected
when multiple variables are provided as input. It is exactly the purpose of the meta-learner to account for such issues and particularities, mitigate the underlying risks of using a single classifier to
evaluate future EE investments, and provide as reliable predictions
as possible given the data set available for training and the key
parameters of the examined classification problem.

3. Proposed methodology for assessing future energy efficiency
investments
The presented methodology aspires to provide a grant financing
recommendation for future EE projects by learning from a pool of
already implemented projects with similar characteristics. The
basis of the proposed approach is a stacking ensemble classification model that builds on five baseline ML classification methods,
namely k-Nearest Neighbors, Gaussian Naive Bayes, Extreme Gradient
Boosted Trees, Random Forest, and Support Vector Machine. The train
set of the classifiers is essentially a set of projects that involves
information about the renovations performed in a variety of buildings in the past. This includes data that was originally available
before implementing the renovation (used as features) and data
recorder after the investment has been completed (used for labeling). In practice, and to allow for automation, this information
should be stored in the database of the information system used
by the financing institute to evaluate future EE investments.
Specifically, the features of the investment involve specific attributes of the projects that, in our case, are the renovated building’s
age, number of apartments, total heating area, and current energy
consumption, the expected CO2 decrease, and the renovation cost.
The output of the baseline classifiers are probabilities that the investment belongs to each discrete class among the following three:

3.1. Baseline classification methods
The proposed methodology builds on five baseline classification
methods, selected so that the meta-learner selects the most appropriate classifier from a truly diverse4 set of methods, each making
4
Diversity refers to the different algorithmic nature of the selected ML methods
and the strengths and weaknesses that each of these methods is expected to display
by design in terms of accuracy and robustness when it comes to small, imbalanced, or
noisy data sets, as well as to handling multiple features. These properties are
summarized in the introductory part of Section 3 and described in detail in the
following subsections.

 Class A: The project should be financed.
 Class B: The project should be partially financed.
 Class C: The project should not be financed.
3
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Fig. 1. Overview of the proposed methodology. The recommendation on the grant financing percentage of future investments is based on a data-driven approach that
exploits useful insights from past projects, labeled based on the achieved energy consumption reduction and the investment cost (realized utility). The output of the baseline
classification methods, as well as the meta-learner, provides the percentage of recommended grant financing.

beled observations are classified according to the most popular
label in the complete train set. Since the ‘‘optimal” value of k is typically subject to the particularities of the train set and the classification task, it is usually defined through heuristic cross-validation
techniques, widely used in the ML literature for hyperparameter
fine-tuning.
In the context of this study, the features considered are continuous variables. As a result, the Euclidean distance was used to
determine the nearest neighbours. Given the Cartesian coordinates
of two points p and q in an n-dimensional Euclidean space, the distance is computed as follows:
qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
dðp; qÞ ¼ ðp1  q1 Þ2 þ ðp2  q2 Þ2 þ    þ ðpi  qi Þ2 þ    þ ðpn  qn Þ2 :

different assumptions about the prediction task. This approach has
been proven effective for improving overall accuracy [58]. The baseline classification methods are shortly presented below.

3.1.1. k-Nearest neighbors
The k-nearest neighbors (k-NN) is a non-parametric classification method [14]. The input of the method consists of n features
that characterize each observation (in our case an EE investment),
while the output is a label that determines its class (in our case the
realized utility of the investment). Effectively, the method classifies future unlabeled observations by identifying the k most similar
labeled observations (nearest neighbours) to the examined one and
considering the plurality of their classes.
Specifically, the method consists of two phases; the train phase
and the test phase. During the train phase the labeled observations,
which generally are vectors in a multidimensional space, each
mapped to a class, are stored and the number of neighbors k is
defined. During the test phase unlabeled vectors are classified by
mapping them to the class which most frequently appears among
the k labeled observations nearest to the test vector. The term
‘‘nearest” can be interpreted and calculated using several distance
measures according to the type of the features used as input. For
continuous variables the Euclidean distance is the most commonly
used measure, while for discrete variables the Hamming distance
prevails in the literature [45]. Another strategy is the employment
of correlation coefficients, such as Pearson’s correlation [36]. Since
the method is based on calculating distances among the input features, normalizing the values of the features is recommended for
improving accuracy [62].
Defining k, essentially the only hyperparameter of k-NN, is critical because it directly affects the performance of the labeling process. If k is set to unity, then unlabeled observations are classified
according to the label of their nearest neighbor. If k is set equal to
the number of observations included in the train set, then unla-

ð1Þ
3.1.2. Gaussian Naive Bayes
The family of probabilistic classifiers includes classifiers that are
able to predict the probability distribution over an available set of
classes, instead of predicting a single class prediction that the
observation should belong to [42]. Naive Bayes classifiers are a
sub-category of probabilistic classifiers which rely on Bayes’ theorem, assuming strong independence between the features. Gaussian naive Bayes has been utilized in many areas, including tasks
related with the assessment of investment performance [13], forecasting of photovoltaic production [5], and analysis of buildings’
energy efficiency [52].
According to Zhang [68], given a feature vector x1 to xn and a
class variable y, the following relationship is stated by the Bayes’
theorem.

pðyjx1 ; . . . ; xn Þ ¼

4

pðyÞ pðx1 ; . . . ; xn jyÞ
:
pðx1 ; . . . ; xn Þ

ð2Þ
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order for the constructed trees to exploit the benefits of combining,
reducing both the bias and variance of the predictions, each classification tree is trained on different observations and using a different number of features, randomly sampled from those originally
available. This technique, widely known as bagging, ensures that
the created trees will be truly diverse, having access to different
information and being less sensitive to changes made in the train
set.
In the energy and building sector, many studies have used RF to
forecast energy consumption in buildings [3], develop personalized
conditioning systems in offices [37], and detect faults in distribution networks [10], among others.

Using the naive conditional independence assumption for all i,
this relationship can be transformed to the following equation:

pðyjx1 ; . . . ; xn Þ ¼

Q
pðyÞ ni¼1 pðxi jyÞ
:
pðx1 ; . . . ; xn Þ

ð3Þ

The classification rule given by the following equation derives
since pðx1 ; . . . ; xn Þ is constant given the input:

^ ¼ argmax pðyÞ
y
y

n
Y

pðxi jyÞ:

ð4Þ

i¼1

There are different naive Bayes classifiers depending on the
assumptions made regarding the distribution of pðxi jyÞ. The
inspected problem is set on continuous data, thus we can make
the assumption that the continuous values associated with each
class follow the Gaussian distribution [31]. Therefore, the Gaussian
naive Bayes is utilized, where the likelihood of the features is
assumed to be Gaussian:
ðxi ly Þ2
2r2
y


1
pðxi jyÞ ¼ qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ e
2pr2y

:

3.1.5. Support vector machines
Support vector machines (SVMs) rely on the construction of a
hyper-plane or set of hyper-planes in a high or infinite dimensional
space which, among others, can be used for solving binary and
multi-class classification tasks [56]. The hyper-plane with the largest functional margin (distance to the nearest data points of the
train set) achieves lower generalization errors and therefore provides a better separation of the data. In such settings, SVMs are
typically called support vector classifiers (SVCs) [41,6].
Given the vectors xi 2 Rp ; i ¼ 1; . . . ; nand a vector y 2 f1; 1g,
SVC calculates the values w 2 Rp and b 2 R in order to generate
correct predictions for any observation using the value of
signðwT /ðxÞ þ bÞ. The primal problem solved by SVCs can be formulated a follows:

ð5Þ

3.1.3. Extreme gradient boosted trees
Classification trees is a ML method that recursively partitions
the data space through rules to classify a set of observations [8].
Since partition rules are constructed sequentially, the tree starts
from a root, where the complete train set is included, and splits
the observations available to branches, each containing the observations that satisfy the first rule of the tree. Then, each branch can
be split further using additional rules. Branches that do not split
are called leaves and include the final predictions of the tree. In
order to determine which leaf should be used for predicting each
observation, the conjunctions of rules must be considered. The
rules constructed are build on the features available for training
the method and are defined automatically using various criteria,
such as the Gini impurity and information gain. Also, more often
than not, additional criteria (e.g. learning rate, maximum number
of leaves, maximum tree depth, minimum sum of instance weight
needed in a child, and minimum loss reduction required to make a
further partition on a leaf node of the tree) are used in the form of
hyperparameters to specify when the growth of the tree should be
terminated, thus avoiding overfitting and reducing computational
cost.
Gradient boosting (GB) is a technique that can be equipped to
any ML method to reduce the bias and variance of its predictions
and, as a result, convert weak learners to strong ones. Consequently, GB combines multiple weak learners sequentially to create a single strong learner of higher learning capacity and
improved accuracy [23]. This combination is performed so that
each new weak learner is specialized on improving the predictions
of the previous ones, i.e. minimize previous prediction errors. In
this context, GB can also be used to enhance the performance of
classification trees and construct more powerful classifiers.
Extreme gradient boosting (XGBoost) is probably the most popular implementation of gradient boosted trees [11]. It exploits
memory and hardware resources for tree boosting methods, thus
resulting in superior speed and performance [16]. Also, XGBoost
incorporates three well-known GB techniques, namely gradient,
regularized, and stochastic boosting. In this study, we implemented XGBoost using gradient boosting.

min
w;b;z

s:t:

1 T
w w
2

þC

N
X
zi ;
i¼1

yi ðwT /ðxi Þ þ bÞ P 1  zi ;
zi  0:

ð6Þ

This mathematical formula describes that SVCs attempt to maximize the margin, while also imposing a penalty C for observations
that are misclassified or fall within the margin boundary. Finally,
the distance factor zi for each vector X i allows an observation to
be at a certain distance from the correct margin boundary, because
the majority of problems are not separable by a hyper-plane.
For multi-class classification the SVC problem setting differs
significantly from the binary classification approach [26,17]. There
are two approaches used to generalize from binary to multi-class
classification. The direct method suggests that one binary classifier
is generalized in order to create multi-class predictions, while the
most common approach, the indirect one, proposes combining N
independent binary classifiers to produce a single multi-class
one. In the latter approach, binary tasks can be defined in the form
of a matrix of size M  N, where M represents the number of
classes and N the number of tasks. The values of each matrix element Ri;j 2 f1; 0; 1g generated by the binary classifiers f are used
to predict the class label according to the following equation:

^ ¼ arg min
y

y21;...;n

(
N
X

)
k

Ryk f ðxÞ :

ð7Þ

k¼1

3.2. Stacking ensemble model
Stacking (or stacked) ensemble is a scheme used for minimizing
the generalization error of multiple prediction methods considered
in an ensemble [65]. Typically, stacking ensembles utilize metalearners which are responsible for combining the predictions from
multiple baseline ML methods in an optimal way or simply selecting the prediction that is expected to be the most accurate for a
particular case. Consequently, this approach can exploit various
well-performing methods that display diverse characteristics, have

3.1.4. Random forest
Random forest (RF) is an ensemble ML classification method
which is based on developing multiple classification trees and considering the plurality of their votes to make a final prediction [9]. In
5
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each class instead of the dominant class itself, summarising the
likelihood that a future investment belongs to each class. Given
the variables pA ; pB , and pC , which represent the probability that
an investment belongs to classes A, B and C, respectively, as
defined by the meta-leaner, as well as the grant financing factors
f A ; f B ; f C , the financing formula of a future investment is given by
the following equation:

different structures, and make different assumptions about the
data.
The utilization of stacked ensemble modeling was inspired
because of the low correlation of the prediction errors usually
made by different baseline methods. As a result, this technique is
appropriate when the prediction errors of the baseline classifiers
are uncorrelated, signifying that each method captures different
attributes of the problem and, therefore, is more skillful in different
perspectives. When this assumption is met, tacked ensembles generate more accurate predictions than any single baseline method
by reducing the biases of the individual methods with respect to
the provided train set.
The developed stacked ensemble model has a simple architecture, composed of two levels of classification methods. The first
layer includes the five baseline classifiers described in Section 3.1,
to be called ‘‘level-0” methods. The selected meta-learner, to be
called ‘‘level-1” method, is a logistic regression method. Our choice
was based on the interpretability this method offers, providing a
straightforward reasoning for its predictions, i.e. the factors that
led the meta-learner select a baseline classifier over others. Several
studies have proposed the utilization of relatively simple classifiers
as level-1 models to optimally integrate the predictions of the
baseline methods [12,50]. The overall architecture of the stacked
generalization model is summarized in Fig. 2.
The overall procedure of creating stacking model can be divided
in three phases; the ensemble set up, the training, and the prediction on new data. These phases are described below:
Phase 1 – Ensemble Set Up: In this phase, the baseline and
meta-learning classifiers are selected. The baseline methods should
incorporate different characteristics and derive from a different
category of algorithms (e.g. they should not include only treebased methods). The meta-learner should be a relatively simple
and interpretable classifier.
Phase 2 – Training: Initially, each of the baseline methods are
trained using an appropriate set of hyperparameters, defined
through a cross-validation process (e.g. k-fold cross-validation).
Then, the meta-learner is trained using the predictions and the
input vectors of the level-0 methods as input and the actual labels
of the observations as output.
Phase 3 – Prediction: The stacked ensemble is used to generate
predictions on test data. To do so, each baseline classifier is first
used to make an individual prediction. Then, these predictions
are fed to the meta-learner to determine, based on its input vector,
which baseline predictions should be used.

Financing Percentage ¼

X

f i  pi :

ð8Þ

i2A;B;C

According to the equation above, in our previous example the
decision-support system would recommend financing the new
project by 0:55  1:00 þ 0:35  0:50 þ 0:10  0:00 ¼ 72:5%, thus
effectively reflecting the insights of the proposed data-driven
methodology.
4. Case study
This section provides an extensive experimental application of
the proposed methodology on data stemming from real renovation
projects. The training process of the five baseline classification
methods is described in detail, including the fine-tuning of their
hyperparameters, followed by the training of the meta-learning
model. Finally, the results of the application are presented and
discussed.
4.1. Data set
The experimental application of the proposed methodology has
been applied on data collected from the Latvian Environmental
Investment Fund (LEIF), an organization owned by The Ministry
of Environmental Protection and Regional Development of Latvia,
established in 1997. Starting from 2009, LEIF has supervised the
implementation and post-implementation monitoring of several
projects co-financed by climate change financial instruments, thus
being the only institution in Latvia that possess reliable data on the
actual performance of various EE investments in terms of energy
savings.
Although our approach is based on assessing single-building
investments, many of the collected records concerned investments
that were applied on more than one buildings. Therefore, these
records were excluded from the data set, including a final sample
of 312 EE projects. The selected ML methods were trained using
a randomly selected 80% of the total sample, i.e. 249 investments,
while the remaining 63 investments were utilized to test the performance of our methodology.
The above-mentioned investments were classified using three
labels: Class A including high potential investment, Class B including medium potential investments, and Class C including low
potential investments. The labelling of the investments was based
on the investment efficiency ranking. This is a simple ranking
method using two criteria; the investment cost of the project and
the energy consumption reduction on the building after the refurbishment took place. These criteria were combined using the following steps: First, the values for each criterion were normalized
to a ð0; 1Þ scale. Second, the weighted average of the normalized
values was calculated for all the available investments. This process was performed using equal weights for the selected criteria;
nevertheless the selection of the weighting factors can be customized according to the preferences of the investor. Finally, the
values were ranked from best to worst. The top 20% of the projects
were labelled as Class A investments, while the bottom 20% of the
projects were labelled as Class C investments. The remaining 60% of
the investments were labelled as Class B. A representation of the
investments’ cost against the achieved energy consumption reduc-

3.3. Recommendation
The proposed methodology aspires to provide recommendations about the percentage of grant financing that future investments should receive. If the predicted class of the meta-learner
was used for determining this percentage, then the suggestions
of the decision-support system would essentially be discrete numbers, getting one the three possible percentages assigned to each
class. For instance, if we assumed that Class A suggested 100%
financing, Class B 50% financing, and Class C 0% financing, then all
projects would be financed by a factor of f A ¼ 1; f B ¼ 0:5, or
f C ¼ 0, respectively. It becomes evident that this approach significantly limits the value added by the methodology, ignoring also
the uncertainty around the predictions. For example, assume a scenario where an investment is labeled with a probability of 0:55 to
Class A, 0:35 to Class B, and 0:10 to Class C. Using the aforementioned approach, the project would be 100% financed, although
there is evidence against that decision.
To mitigate those issues and account for uncertainty, we propose building financing recommendations on the probability of
6
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Fig. 2. Overview of the proposed stacked ensemble model. The baseline classification methods (level-0) are trained following the process described in Fig. 1 and provide
predictions for future investments. These predictions are then fed to the meta-learner along with the input vectors of the baseline methods. The output of the meta-learner is
the final prediction of the stacked ensemble model, i.e. the prediction of the most appropriate baseline classifier.

tion is shown in Fig. 3. Projects with green color are Class A investments, yellow-colored projects are Class B investments, while redcolored ones are Class C investments.
Observe that, by design, the labeling system used results in an
imbalanced train set (biased sampling), with Class B investments
having a higher probability for being identified as the correct class.
Although this issue can be tackled using resampling techniques,
such as methods that randomly under-sample the majority class
(Class B) or generate synthetic data (over-sample) for the minority
classes (Class A and Class C; [35]), the meta-learner should still be
able to deal with class imbalance by selecting the baseline classification method that best predicts each class of investment. Moreover, since imbalanced data sets are typical in practice, with
some classes being naturally more frequently observed than
others, this kind of imbalance serves as an additional stress-test
for evaluating the value added by the proposed approach.
The investment features used in our case study were partially
subject to data availability. In this regard, we selected six key features as input to the classification methods, including the construction year of the building, the total heating area (m2 ), the expected
CO2 decrease due to the refurbishment actions (kgCO2 ), the current
energy consumption of the building (MWhÞ, the number of floors of
the building that will be renovated, and the amount of the
requested grant financing for the renovation (€). Since all investments were made in the same country, we did not include geographical variables (e.g. town and city identifiers) as additional
feature. The pairwise relationships between the selected investment features are shown in Fig. 4.

Fig. 3. Investment labeling of the examined investments based on the investment
efficiency ranking.

and the functions used for their implementation are summarized
below.
 k-Nearest Neighbors: The most critical hyperparameters in this
method are the number of neighbors used for running the
queries, set equal to 6, and the weight function employed for
making the predictions, set to the uniform one. The neighbors
function of the sklearn library for Python was used for implementing the method [51].
 Gaussian Naive Bayes: The method does not require fine-tuning
its hyperparameters. The naive_bayes function of the sklearn
library for Python was used for implementing the method.
 Extreme Gradient Boosted Trees: XGBoost involves various hyperparameters which are crucial for its performance. The most
important ones are the learning rate, the decision tree’s number
of leaves, the bagging fraction, allowing to decrease the variance
in the prediction, and the feature fraction, allowing the random
selection of a subset of features on each iteration. Having implemented the cross-validation process, the following values were
selected: Learning rate = 0.95; maximum tree depth = 10; minimum sum of instance weight needed in a child = 1; number of

4.2. Training and hyperparameter fine-tuning
The optimal hyperparameters for the five baseline classification
methods were configured through a stratified k-fold crossvalidation process. The term stratified indicates a variation of the
traditional k-fold cross-validation process, where the folds are
made by preserving the percentage of samples for each class. The
reason that stratified k-fold was preferred over its standard counterpart is that we are facing a classification task with imbalanced
class distributions, consisting of 20% Class A investments, 60% Class
B investments, and 20% Class C investments. The number of splits
was set to 10, while the number of repeats for stratified k-fold
was set to 3. The selected hyperparameter values for each method
7
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Fig. 4. Pairplot of the investment variables considered by the proposed classification methods in the examined case-study: Cost (€), Building Construction Year, Planned CO2
Reduction (kgCO2 ), Energy Consumption Before (MWh), Total Heating Area (m2 ), Floors.

 Support Vector Machine: The SVM employed the linear kernel,
while the regularization parameter C was set to 1. The svm function of the sklearn library for Python was used for implementing
the method.

gradient boosted trees = 1000; all other hyperparameters were
set to their default value. The Classifier function of the XGBoost
library for Python was used for implementing the method [11].
 Random Forest: The number of trees (number of estimators) in
the RF method was set to 500, the factor of weights associated
with classes was set to balanced (using the values of the target
variable to adjust weights inversely proportional to class frequencies in the feature variables) and the maximum number
of features used in each iteration was set to log 2 . The ensemble
function of the sklearn library for Python was used for implementing the method.

Following the hyperparameter configuration for the baseline
classification methods, the final step of the training process
involves the training of the level-1 model on the same train set.
In this study, the meta-learner was a logistic regression classifier
due to its simplicity, which is recommended for level-1 predictors.
Since the selected meta-learner does not have any hyperparameters to tune, it was trained directly on the level-1 training set
8
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which consists of the level-0 predictions from the baseline methods and the real labels. The baseline methods predictions which
formed the level-1 training set were made through a 3-fold cross
validation process on the training set.
The performance of the baseline methods and the stacking classifier in the stratified k-fold validation process (10 folds  3 repeats
= 30 validations) is summarized in Table 1. From the baseline classifiers, the SVM method reports the best performance according to
the F1 score, followed by the RF and XGBoost methods. As discussed in Section 3, this can be attributed to the ability of the
XGBoost and RF methods to select the most relevant features from
a large set of explanatory variables, as well as the fact that RF and
SVM are generally better in dealing with data randomness. Moreover, we find that the stacking model outperforms all baseline
methods according to both the accuracy and the F1 score measures, being slightly worse than the SVM in terms of precision.
Note that although the differences between the meta-learner and
the SVM classifier are small according to the classification measures used, the former is more robust, having a tendency to classify
most of the investments more precisely, while avoiding extreme
errors. This becomes evident by observing Fig. 5, which provides
a visual comparison of the classifiers’ performance in the form of
box-plots. As explained, the median of the F1 score and the accuracy measures is higher for the meta-leaner compared to the
SVM (more investments are classified correctly), while its
interquartile range is significantly smaller (better robustness).

Table 1
Classification performance (mean and standard deviation) of the baseline methods
and the stacking model on the stratified 10-fold validation process. Column-wise best
values are displayed in bold.
Classifier

Accuracy

k-Nearest Neighbors
Gaussian naive Bayes
XGBoost
Random Forest
Support Vector Machine

0.77
0.70
0.78
0.80
0.82

(0.08)
(0.10)
(0.10)
(0.09)
(0.09)

Stacking Model

0.83 (0.09)

Precision
0.78
0.66
0.79
0.82
0.85

(0.10)
(0.14)
(0.10)
(0.08)
(0.07)

0.84 (0.09)

F1 Score
0.74
0.67
0.78
0.79
0.82

(0.09)
(0.12)
(0.10)
(0.09)
(0.09)

0.83 (0.09)

set used for training the baseline classification methods was imbalanced, the recall scores reported in Table 2 suggest that the metaleaner has effectively tackled this issue, providing unbiased forecasts, especially when it comes to predicting Class A and Class B
investments.
Since the accuracy measure does not integrate class imbalance,
which is a very significant factor for this problem (60% of the
observations are in the same class), we exploit Cohen’s kappa coefficient (j). This coefficient is a statistical index used to measure
inter-rater reliability for categorical data, being a more robust
measure than simple percent agreement calculation, due to the
parameter j which incorporates the possibility of the agreement
occurring accidentally. The formula for Cohen’s kappa coefficient
is given as follows:

4.3. Prediction for future investments

j¼

After training the stacking model, the performance of the proposed methodology is evaluated on the test data set which, as
explained earlier, is composed of 63 randomly selected EE investments. The results of this application are summarized in the confusion matrix of Fig. 6, presenting the number of cases the metalearner has predicted each class compared to their actual labels.
We observe that 32 out of 36 Class B investments ð88:8%Þ have
been correctly predicted. For Class A, the respective number is 10
out of 14 ð71:4%Þ, while for Class C, 7 out of 13 ð53:2%Þ. Interestingly, the classifier has never predicted Class A investment as Class
C or the opposite. This finding is particularly encouraging, suggesting that the risk of using the proposed meta-learner for recommending financing (or not financing) an investment of low (or
high) potential is insignificant.
The classification performance of the meta-learner is summarized in Table 2. This includes the precision, recall, and F1 score
of each class, as well as the macro and weighted average. The
macro average is the simple arithmetic mean of each measure
across all classes. Since this measure assigns equal weights to all
classes, it is appropriate for balanced classification tasks. On the
contrary, the weighted average incorporates class imbalance, computing the average of binary measures by considering the number
of samples of each class in the target. Therefore, the weighted average is more appropriate for summarizing the performance of the
meta-learner in the present case-study.
It is evident that the model performs slightly better with Class B
investments, i.e. the most popular class, resulting in 0.76 precision
and 0.82 F1 score. The respective values for Class A are 0.83 and
0.77, while for Class C 0.78 and 0.64. Therefore, we find that it is
highly unlikely for the meta-learner not to correctly identify Class
A and Class B investments when present, in contrast to Class C
investments where it is likely for the meta-learner to classify them
as Class B. As a result, we can conclude that the meta-learner can be
effectively used in practice for identifying investments of high and
medium potential and supporting the financing of large-scale EE
projects. This is confirmed by the overall accuracy of the model,
being 0.78 across all classes. Observe also that although the data

p0  pe
;
1  pe

ð9Þ

where p0 is described as the observed proportional agreement
between actual and predicted values and pe is the expected agreement when both annotators assign labels randomly. The Cohen’s
kappa score for the test set is 0.594, which denotes substantial
agreement for the stacking classifier.
However, the proposed methodology is based on classifiers that
can generate class membership probabilities. Therefore, the abovementioned metrics fail to describe the whole picture. The model’s
ability to distinguish an instance between each class can be
described by the area under the receiver operating characteristic
curve (ROC AUC). ROC AUC is calculated, generating predictions
for a range of the decision threshold values ½0; 1. For each value
the true positive rate (TPR) - also known as recall- and false positive rate (FPR) are calculated. In the case of multi-class classification, the measure is calculated separately for each class following
the one-vs-rest (OVR) classification strategy, assuming a different
classifier per class. The ROC curve for each class is shown in
Fig. 7. A large area in the ROC AUC means that there is great distinction between the classes. The value of the area under the
ROC curve for the stacking classifier overall is 0.883, which is a
good score given that AUC values lie between 0.5 to 1 (where 0.5
denotes a bad classifier and 1 denotes an excellent classifier).
5. Conclusions
This study focuses on the problem of assessing the potential of
future EE investments in terms of renovation costs and realized
energy savings. Given the lack of mature information systems to
support such assessments, several renovation projects are currently straggling to receive financial support by funding institutions, thus putting the global environmental targets set for the
next decades at risk. In this respect, a data-driven methodology
is proposed which aspires to pave the way towards accurately
identifying attractive EE projects and determining the funds that
should be invested per case. To do so, critical investment features
of projects that have been completed in the past are considered
9
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Fig. 5. Comparison of the baseline classifiers and the stacking on the stratified 10-fold validation process. The left sub-figure shows the F1 score of the classifiers, while the
right one their accuracy.

results suggest that the stacking ensemble model outperforms all
the baseline ML classification methods considered, achieving high
accuracy when used to assess future EE investments. Moreover, we
find that the proposed model can effectively identify projects of
high and medium investments, being also excellent in distinguishing low from high potential ones. This finding indicates that stakeholders can exploit the presented methodology to reduce their risk
of investments and maximize their returns.
Given the limitations of the present study, future work on the
field of EE investments assessment should focus on incorporating
other types of investments coming from the manufacturing, transportation, and outdoor lighting sector, thus widening the projects
considered by the methodology and increasing its economic and
environmental potential. The developed meta-learning model can
be generalized for such applications provided that sufficient data
are available for supporting its learning process. Another point of
interest that could be further investigated is how the geographic
topology of the investments affects their efficiency in terms of
energy savings. In this respect, EE investments implemented in
multiple countries with miscellaneous characteristics could be
integrated into the model, posing some additional geographic
and climate-related variables to generalize its use and broaden
the type of stakeholders that would be interested in its utilization.
Alternative measures to the examined ones could also be considered for assessing the potential of future EE projects to make the
predictions of the proposed method better reflect the ground truth.
More importantly, and in order for the proposed approach to
become more relevant for large-scale applications, alternative
ways for retrieving the energy- and investment-related data
required for training the classifiers should be identified, including
data sources that public authorities and financial institutions can
easily access. For instance, one alternative would be to exploit
the information provided by energy certificates of renovated buildings, i.e., track the EE of multiple buildings before and after particular renovations have taken place, as well as the costs of these
renovations. This type of information is standardized, interpretable, and easier to share with interested parties, thus facilitating the utilization of the proposed assessment method on a wider
scale.

Fig. 6. Confusion matrix for the stacking model on the test set.

Table 2
Classification performance of the stacking model on the test set.
Precision

Recall

F1 Score

Class A
Class B
Class C

0.83
0.76
0.78

0.71
0.89
0.54

0.77
0.82
0.64

Macro Average
Weighted Average

0.79
0.78

0.71
0.78

0.74
0.77

and ML methods are used to learn from their successes and mistakes. The recommended approach aims to enhance EE financing
procedures and facilitate different types of stakeholders (financiers, bankers, investors, etc.) in comparing and labeling EE
projects in a standardised and less uncertain way.
The proposed methodology involves a stacking ensemble model
that builds on several ML baseline classification methods with the
objective of further improving their performance. Data containing
significant attributes of EE investments (e.g. building age and total
heating area, expected CO2 emissions, and renovation cost) are collected and used for training the classification model. The methodology is evaluated considering a real case study in Latvia. Our
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Fig. 7. ROC curve for the three classes based on the stacking classifier’s generated probabilistic predictions.
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