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H I G H L I G H T S  

• Public subsidies favor energy efficiency measures by reducing the up-front cost and making the investment more profitable. 
• Subsidy effectiveness depends on the capacity to identify which SMEs are potential beneficiaries of energy subsidies. 
• We evidence that applying a random forest approach for unbalanced samples offers greater predictive capacity and statistical power than traditional techniques. 
• The most useful predictors for SMEs in the industrial sector are related to liquidity and indebtedness.  
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A B S T R A C T   

Investing in energy efficiency measures is a major challenge for SMEs, both for environmental and economic 
reasons. However, certain barriers often make it difficult to invest in such measures. Although public financial 
support helps to overcome economic barriers, public bodies face the challenge of identifying which SMEs display 
the greatest potential to invest in energy efficiency measures. By applying a random forest technique and by 
using sampling balancing techniques, this paper identifies the profile of industrial SMEs that might be potential 
beneficiaries of public aid, thereby helping public institutions to target their calls and direct their efforts towards 
this group of SMEs. Specifically, liquidity and indebtedness are found to be the most useful predictors for SMEs in 
the industrial sector. The results are robust and reveal that applying a random forest approach for unbalanced 
samples offers greater predictive capacity and statistical power than applying traditional estimation techniques. 
By identifying potentially benefiting firms, this work helps to boost the effectiveness of public subsidies and to 
improve the channeling of public funds, which ultimately favors investment in energy efficiency.   

1. Introduction 

Investments in energy efficiency measures offer companies many 
advantages. They not only help to reduce total final energy use1 and to 
improve environmental sustainability but also promote business inno
vation, profitability, and competitiveness [38]. Governments should 
promote these investments, especially in small and medium-sized en
terprises (SMEs) given that the latter represent the “core” of the 

European industrial structure and employ around 60% of the total 
workforce [38], thereby making them a special focus for investments in 
energy efficiency. However, SMEs are less likely to invest in such effi
ciency measures compared to large companies [15,42]. Implementing 
energy efficiency measures thus remains a pending issue for SMEs, with 
many still reluctant to invest in them [67]. In fact, over two thirds of 
these businesses do not implement even the simplest rules to manage 
energy use [14]. 
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1 Throughout this paper, we consider “energy use” to be all the final energy supplied to industry (regardless of the energy source) [19]. 

Contents lists available at ScienceDirect 

Applied Energy 

journal homepage: www.elsevier.com/locate/apenergy 

https://doi.org/10.1016/j.apenergy.2024.122725 
Received 27 September 2023; Received in revised form 4 January 2024; Accepted 21 January 2024   

mailto:salvarez@um.es
mailto:samuel@um.es
mailto:gabriel.lozano@um.es
mailto:drl@um.es
www.sciencedirect.com/science/journal/03062619
https://www.elsevier.com/locate/apenergy
https://doi.org/10.1016/j.apenergy.2024.122725
https://doi.org/10.1016/j.apenergy.2024.122725
https://doi.org/10.1016/j.apenergy.2024.122725
http://crossmark.crossref.org/dialog/?doi=10.1016/j.apenergy.2024.122725&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/


Applied Energy 359 (2024) 122725

2

Several barriers2 make these SMEs less likely to implement energy 
efficiency measures. Among these obstacles, firm size is one of the main 
factors influencing the adoption of energy efficiency measures, thereby 
evidencing that such efficiency has not been a priority for SMEs 
–especially those that lack energy-intensive production processes 
[16,65]. Being smaller also means that these organizations have fewer 
technological options to save energy [16]. Moreover, there are other 
barriers related to information asymmetries as well as hidden and 
transaction costs, added to which capital restrictions tend to be more 
prevalent for SMEs when compared to larger companies [51,67]. Fleiter 
et al. [26] and Trianni et al. [68] highlight that economic and financial 
factors (specifically, lack of capital to face up-front costs) constitute 
important barriers that SMEs face when seeking to adopt energy effi
ciency measures. 

Considering this context, governments and public institutions face an 
important challenge when designing and implementing public policies 
aimed at minimizing the barriers that prevent energy-efficient measures 
from being adopted [55]. Public financial support should thus be a 
priority for encouraging the implementation of energy efficiency mea
sures, with investment subsidies being one potential driver3 since they 
help to reduce the up-front cost and so make the investment more 
profitable [10]. In order to boost the effectiveness of these public sub
sidies –and thereby speed up the adoption of energy efficiency measures 
in SMEs– it is essential for public bodies to be able to identify which 
businesses are potential recipients of public aid.4 Identifying the profile 
of which SMEs may be potential beneficiaries of public aid poses a major 
challenge since this helps to design the requirements of the calls, thus 
favoring efficiency in channeling public funds and preventing them from 
remaining unused. This is also a challenge in the sense that the pro
portion of businesses benefiting from this public support is often very 
low. 

In an effort to fill this key gap, this paper aims to identify the profile 
of those SMEs that evidence the greatest potential to invest in energy 
efficiency measures. We apply the random forest approach for unbal
anced samples so that –based on this identification– public institutions 
can direct public investment subsidies towards the group of businesses 
identified. For this purpose, a sample of industrial SMEs from the Region 
of Murcia (Spain) is used. These provide the focus of the study because 
the public call analyzed in this research deals exclusively with these 
companies since they represent over 25% of final energy consumption in 
Spain. It is therefore important to carry out improvements in energy 
efficiency in technologies and processes and in terms of implementing 
energy management systems in this context. 

By addressing this goal, the contributions made by this paper can be 
grouped into the following blocks. At a methodological level, this article 
applies the random forest approach for unbalanced samples. The 
random forest model [8,9] is an automatic learning technique that al
lows us to identify which economic and financial factors make SMEs 
potential beneficiaries of public investment subsidies. However, one 
common issue in this context is that samples are often unbalanced –since 
the proportion of SMEs who might benefit from receiving public sub
sidies is much lower than the proportion of SMEs that might not. This 

may yield misleading results in that while the majority group might be 
correctly predicted, the minority group might not. To address this issue 
in a novel way, this paper applies balancing techniques to remove in
efficiency from the imbalance, thereby increasing the accuracy of both 
the estimation and the identification of SME profile. Furthermore, this 
paper offers some evidence that applying a random forest approach for 
unbalanced samples offers greater predictive capacity and statistical 
power than applying traditional estimation techniques within this 
research field. At the context level, this paper focuses on the Region of 
Murcia, which allows us to carry out a homogeneous analysis of the 
requirements that SMEs must fulfil in order to apply for public invest
ment subsidies, thereby making it possible to establish an accurate 
profile of potential SME beneficiaries. This is an advantage compared to 
previous studies that analyze various contexts –in which legislative, 
fiscal, and context aspects may vary– and which may ultimately affect 
the eligibility of the industrial SMEs that can opt for public subsidies (for 
further information about this context, see Section 2). Finally, at a 
practical level, public agents are provided with the profile of the in
dustrial SMEs to which they should direct their actions (specifically, as 
regards designing, implementing, and disseminating their public sub
sidies) in an effort to therefore maximize investment in energy efficiency 
measures. In addition to proving useful for public institutions in the 
Region of Murcia, the resulting profile is also useful for contexts and 
sectors similar to the one analyzed in this paper. 

The paper is structured as follows. After this introduction, Section 2 
describes the most relevant particularities of the context of the Region of 
Murcia. Section 3 reviews the literature on the main barriers facing 
SMEs who seek to invest in energy efficiency measures, as well as the 
role of public subsidies as an instrument to promote these investments. 
In Section 4, we address all the methodological aspects (sample, data, 
variables) in addition to describing the random forest approach used and 
the techniques applied to control for unbalanced samples. The results 
are presented in Section 5. Finally, Section 6 offers the discussion of the 
findings, and Section 7 contains the concluding remarks. 

2. The Region of Murcia 

The Region of Murcia in southeast Spain is a region in the Mediter
ranean area of the Iberian Peninsula. Covering an area of around 11,300 
km2, this region combines a diversity of landscapes, ranging from the 
coast bathed by the Mediterranean to the inland mountains. At an eco
nomic level, the Region of Murcia has experienced significant develop
ment in recent years, with agribusinesses and the wine industry standing 
out in particular. In terms of energy efficiency, the Region of Murcia 
faces challenges common to many other regions in Spain. Diversification 
of the energy matrix and the transition towards more sustainable energy 
sources are key areas of interest. Given its location in a region that 
enjoys abundant sunlight, energy efficiency can benefit from promoting 
solar technologies and other renewable energy sources. 

Opting for the Region of Murcia as the context for this paper is 
relevant for three main reasons. Firstly, Spain is divided into different 
regions whose regional policies and regulations tend to differ. This 
means that the public calls for investment subsidies tend to vary be
tween regions to the extent that these calls and formalities depend 
directly on each regional government. In order to achieve consistency in 
the sample and so obtain conclusive results, we focus on a single region, 
thereby ensuring that the regional policy and regulation applicable to all 
SMEs included in the study is the same. In the specific case of the Region 
of Murcia, the energy subsidy analyzed seeks to compensate a specific 
percentage of the investment made by each SME in energy efficiency 
measures [19], with industrial SMEs that meet the eligibility re
quirements being those that can apply for said subsidy (further infor
mation about this subsidy is provided in Section 4.2). 

Secondly, most energy consumption in Spain is focused on industrial 
sector and on electrical energy. As shown in Table 1, Spain’s energy 
consumption amounted to €11,227 million in 2019, of which €6368 

2 A barrier is defined as “a postulated mechanism that inhibits investment in 
technologies that are both energy efficient and (apparently) economically 
efficient” ([18], p. 2), emphasizing the importance of the “cost-effective” factor 
[59].  

3 Drivers are defined as “factors stimulating the sustainable adoption of 
energy-efficient technologies, practices and services, influencing a portion of 
the organization and a part of the decision-making process in order to tackle the 
existing barriers” ([70], p. 204).  

4 Throughout this study, we consider “potential beneficiary SMEs” to be those 
firms that, on the one hand, comply with the eligibility conditions to access 
energy efficiency aid established in the different public calls and, on the other, 
are also more likely to make energy investments. 
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million was electrical energy and €3371 million gas. In the Region of 
Murcia, energy consumption came to €438.6 million in 2019, and there 
was a similar distribution between the different energy sources [61]. 
Moreover, the industrial sector represents over 25% of energy con
sumption [19], such that special attention must be paid to this sector in 
order to encourage the implementation of more energy efficiency 
measures. More specifically, the energy consumption based on the NACE 
Rev. 2 codes is shown in Appendix A, where both the relevant weight 
that the industrial sector has in energy consumption and the distribution 
of energy sources based on the NACE Rev. 2 code can be seen. Energy 
efficiency investments focused on electrical energy are therefore espe
cially relevant in Spain as a whole and in the Region of Murcia in 
particular. In fact in 2021, Spain was the second country in the European 
Union in terms of generating the most electrical energy from wind and 
solar sources (Red [56]), with the Region of Murcia being one of the 
leading areas in terms of photovoltaic solar energy generation. 

Thirdly, Murcia is one of the European regions with the greatest 
number of hours of sunshine per year. A recent study into “the Sunniest 
Cities in Europe” classifies the area of Murcia as the third sunniest city, 
with an average of 346 h of sun per month [37]. Considering that the 
power generation capacity of photovoltaic energy is mostly influenced 
by solar radiation intensity (which is quite high in the Region of Murcia, 
as shown in Fig. 1), investing in energy efficiency measures (especially 
solar) is of particular interest in the Region of Murcia. The amount of 
sunlight in a region like this tends to impact the attractiveness of energy 
efficiency projects (e.g., due to solar energy potential, economic 

viability, energy independence, renewable energy targets), and to in
fluence government decisions regarding public subsidies. Regions with 
ample sunlight are thus likely to receive more support since they offer a 
more viable and efficient option for investing in energy efficiency 
measures (e.g., by harnessing clean and renewable energy). 

In sum, the Region of Murcia offers a unique combination of 
geographical and economic characteristics, thus making it an interesting 
context in which to explore strategies and solutions in the field of energy 
efficiency. In this way, the regional government plays a key role in 
encouraging these investments through public aid –which encourages 
higher levels in cost reduction and in return on investment. 

3. Literature review 

Ever-increasing global competitiveness makes companies place 
greater emphasis on improving their efficiency and –since most of their 
processes are related to energy– any such improvements in energy ef
ficiency will enhance this [51]. Investing in energy efficiency measures 
is thus a major concern for organizations for two main reasons. From an 
environmental point of view, traditional energies involve emitting 
harmful gases –specifically greenhouse gases (GHG)– into the atmo
sphere, thereby accentuating the problem of climate change. Added to 
this is the uncertainty surrounding the availability of these traditional 
energy sources [17]. Implementing more efficient energy sources 
therefore contributes towards environmental sustainability. In addition, 
from an economic point of view, implementing energy efficiency 

Table 1 
Distribution of energy consumption in Spain and the Region of Murcia (2019).   

Electricity Gas Diesel Fuel oil Coal and coke Biofuels Heat and others Total 

Spain 6367.9 3371.3 678.3 99.1 104.6 44.7 560.8 11,227.0  
56.72% 30.03% 6.04% 0.88% 0.93% 0.40% 5.00% 100.00% 

Region of Murcia 209.6 128.7 24.3 2.3 0.7 0.5 465.3 438.6  
47.79% 29.35% 5.53% 0.53% 0.15% 0.11% 5.09% 100.00% 

Note: The figures are expressed in millions of euros. 
Source: Spanish National Statistics Institute. 

Fig. 1. Solar radiation map in Spain (2023). 
Note: The map of solar radiation in Spain is divided into five zones according to the incidence of the sun on the surface. Types of radiation are differentiated ac
cording to the ray and its incidence, and the measuring equipment is the pyranometer. 
Source: Soto [60]. 
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measures means increased company competitiveness –which is partic
ularly important for SMEs [38,42]– such that these measures yield cost 
savings and entail the modernization and innovation of firms’ energy 
sources. Beyond the energy benefits derived from investing in these 
measures (such as energy savings, energy costs, environmental im
provements), the non-energy benefits (such as higher productivity, 
better product quality, less waste, or less maintenance) also stand out 
[51], all of which positively impacts financial performance. 

However, investments in energy-efficient technologies are still 
limited by the hurdles and market failures that prevent the most energy- 
efficient alternative from being chosen, even if this alternative is the 
most profitable for organizations [27]. This is particularly true for SMEs, 
for whom investments in energy efficiency are often considered “low 
priority” projects [26]. In addition, such firms must also face more 
difficult obstacles when investing in energy efficiency (particularly, in 
the financial field) [42]. All of this creates a “gap” between the theo
retical opportunities for cost-effective investments in energy efficiency 
and the actual levels that may be achieved in practice [17,36,62]. In this 
context, “barrier models” have been the widely accepted framework for 
explaining the existence of the energy efficiency gap [3,39]. These 
barriers can differ substantially in nature, and several studies have 
stated different but related taxonomies. For instance, (i) Cagno et al. 
[17] establish seven categories of barriers, including technology-related, 
information-related, economic, behavioral, organizational, competence- 
related, and awareness; (ii) Sorrell et al. [59] classify these barriers into 
the following six categories, including imperfect information, hidden costs, 
risk, access to capital, split incentives, and bounded rationality; while (iii) 
Kostka et al. [42] establish three large groups of barriers, i.e. financial, 
information, and organizational barriers. 

Regardless of the taxonomy used, economic-financial barriers are 
one of the main obstacles stated by most previous literature when 
seeking to implement energy efficiency measures [55], especially in an 
SME context [42]. Among the main economic-financial factors that 
prevent investment in efficient energy, the literature states technical 
risks [12,65], high investment costs [26,38], the existence of hidden 
costs [17], or uncertainty surrounding the return on investment [34,65]. 
In addition, access to capital proves key, given that companies often lack 
sufficient capital to invest in energy efficient technologies (e.g., 
[13,26,38,66]). 

Limitations on access to capital not only refer to the external capital 
that companies may obtain from banking institutions (where SMEs have 
greater difficulty raising funds when compared to large organizations) 
but also to the use of internal capital and to establishing priorities among 
alternative investment projects [27]. Fleiter et al. [26] state that the lack 
of capital proves to be a major obstacle that slows down the adoption of 
energy efficiency measures. Similarly, Kostka et al. [42] find that com
panies fail to make possible investments in energy efficiency improve
ments because they cannot access the required investment capital at 
competitive prices. We therefore see how these economic-financial 
barriers (in particular, access to capital limitations) lie behind these 
low figures for investment in energy efficiency measures, and how they 
prevent companies (specifically SMEs) from taking advantage of the 
economic and energy benefits that could be derived were they to invest 
in them. 

To counteract the above barriers or obstacles, there are several 
drivers that make investments in energy efficiency measures more 
attractive and profitable for companies. Trianni et al. [69] identify four 
large groups of drivers that can favor investments: regulatory, economic, 
informative, and vocational training. Among these, the literature has 
highlighted economic drivers as the ones that display the greatest po
tential and effectiveness for reducing economic-financial barriers 
[15,65,68]. Indeed, Hrovatin et al. [38] affirm that economic drivers 

would top the list in importance in SMEs vis-à-vis effectively promoting 
investments in efficient energy. These economic drivers include the cost 
reduction stemming from lower energy use, information about real 
costs, management support, public aid, or private financing [14,69]. 

Among these drivers, public aid plays a crucial role in promoting 
investment in energy efficiency measures, with government interven
tion proving useful for overcoming the market failures that impede the 
efficient allocation of resources towards energy-saving initiatives [40]. 
Public aid aimed at promoting investment in efficiency energy measures 
often varies by country –and even by region– and may take different 
forms, such as subsidies, tax incentives, grants, and regulatory support. 
For instance, production tax credits (PTCs) and investment tax credits 
(ITCs) are provided by the United States government to encourage the 
development of renewable energy projects [22]; green bonds are other 
public financial instruments specifically earmarked to raise funds for 
environmentally friendly projects [76]; feed-in tariff programs are 
implemented by several countries where renewable energy producers 
are paid a fixed rate for the electricity they generate [6]; and grants and 
subsidies are a common type of public aid that provide direct financial 
support that can be used for project development, equipment purchase, 
or other eligible expenses [75]. 

In this context, public subsidies have attracted considerable atten
tion from academia as they are a major driver for improving energy 
efficiency worldwide [2,30,52]. These subsidies can make investments 
more attractive and economically profitable, in addition to favoring cost 
reduction through reduced energy use [12,14]. Public subsidies also 
emerge as an effective policy measure to accelerate the dissemination of 
energy efficiency measures in SMEs [21,26]. Given the importance of 
these firms for the economy, if governments are to actively encourage 
energy efficiency investment in SMEs then they should target their 
subsidy policies towards such companies [75]. 

Both fixed and output subsidies coexist globally [52]. While fixed 
subsidies offer a predetermined amount of assistance, output subsidies 
are linked to the quantity of goods or services produced. Governments 
often implement these subsidies simultaneously in order to provide 
financial support to various industries [52]. Such a dual approach allows 
governments to address different economic objectives, encourage 
growth, and support specific sectors through tailored subsidy 
mechanisms. 

Moreover, these public investment subsidies are highly correlated 
with private financing [15] and reflect the need for companies to receive 
external economic support, either from public and/or private agents. In 
this vein, the role of governments is vital when designing and imple
menting certain policies or measures (such as these public subsidies) 
geared towards correcting market failures and reducing obstacles/bar
riers to investment [55]. Nevertheless, the challenges and nuances 
involved in the effectiveness of this public aid are also acknowledged in 
the literature in the sense that justifying the differing degrees of gov
ernment intervention remains a controversial topic in previous studies 
(see [62]). For government intervention to be effective, it is necessary to 
direct public incentives towards those SMEs that exhibit the greatest 
potential to invest in energy efficiency measures. In fact, caution against 
blanket subsidies should be taken into account, with the argument being 
that poorly designed policies may lead to inefficiencies and unintended 
consequences [2]. It is important to carefully craft interventions that 
consider market dynamics and company behavior so as to maximize the 
effectiveness of public aid. Well-designed public policies thus prove 
pivotal to effectively driving the adoption of energy-efficient measures, 
and thereby contributing to overall sustainability goals. 

Given the existing literature on energy efficiency measures, two is
sues need to be resolved relating to public subsidies as one of the main 
drivers of these measures. Firstly, despite the importance of targeted 
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subsidies, there is no accurate information about the features of which 
industrial SMEs are more likely to apply for them. This failure means 
that public calls are often far from reality and that the channeling of this 
public aid proves ineffective. This also implies that the barriers which 
prevent the implementation of energy efficiency measures are not 
overcome, leading SMEs to remain reluctant to make these investments 
[67]. Secondly, defining the required profile is also difficult due to two 
methodological issues: (i) the proportion of SMEs that usually apply for 
public subsidies is very small, which generates an imbalance in the 
sample that can negatively affect the power of estimation; and (ii) there 
are many determinants behind the SME’s decision to apply or not for the 
subsidy, with traditional models simply tending to consider a limited 
number of indicators in their estimations. If these issues are not 
adequately addressed, the results may be biased, and it will not be 
possible to predict an adequate profile of SMEs who may potentially 
benefit from these public subsidies. 

This paper thus seeks to narrow these gaps by offering progress in the 
following areas:  

• Defining a profile of potential beneficiary SMEs in order to report the 
information to public bodies so that they can take it into account 
when designing, implementing, and disseminating their public pol
icies. This profile will encourage the design of more focused calls, 
thereby ultimately helping to boost the effectiveness of public sub
sidies and the number of investments in energy efficiency measures 
(generating, in turn, the environmental and economic benefits 
mentioned at the beginning of this section).  

• Moving forward by implementing more sophisticated prediction 
techniques that allow a number of indicators to be managed and by 
addressing sample imbalance, thereby offering more accurate and 
robust results. This is materialized by applying the random forest 
approach for unbalanced samples. Specifically, the first step is to 
apply the sample balancing technique to achieve a certain balance 
between the proportion of SMEs that apply for a public investment 
subsidy and those that do not. The random forest approach then al
lows several independent decision trees to be created, considering a 
wide array of economic and financial indicators. Based on all the 
decision trees, the most relevant indicators for those companies who 
are most likely to apply for the subsidy are then extracted and 
identified. 

4. Methodology 

4.1. Sample and data 

Our sample comprises a subset of SMEs, analysis of whom is key 
within the energy efficiency-related field because these organizations 
–in addition to representing the majority of the productive fabric 
worldwide [38]– tend to implement few energy efficiency measures 
[15,42]. For this reason, public efforts should focus on SMEs in an effort 
to change this undesirable trend and increase SME competitiveness. 
Following European Commission Regulation No. 651/2014, we consider 
SMEs to be organizations that meet the following three requirements: (a) 
businesses with less than 250 employees; (b) businesses whose annual 
turnover does not exceed €50 million; and (c) businesses whose assets do 
not exceed €43 million [24]. 

We specifically took SMEs included in the SABI (Iberian Balance 
Analysis System) database, but applied a double filter. Firstly, we only 
include SMEs located in the Region of Murcia (Spain), for the reasons 
highlighted in Section 2. Secondly, we only include those SMEs that 
meet all the requirements (or eligibility conditions) stated in the “Order 

of the Regional Ministry of Employment, Universities, Business, and the 
Environment of the Region of Murcia”, which establishes the regulatory 
bases of the aid program for energy efficiency actions [19]. Based on this 
call, we include SMEs that fall within the NACE Rev. 2 codes shown in 
Table 2. Basically, the industrial sector was the one for which the 2019 
call for public subsidies was set up. The industrial sector comprises firms 
engaged in the manufacturing and production of capital goods such as 
construction, machinery or chemical products, among others. Any SMEs 
in a crisis situation were also excluded. 

After applying this double filter –and after excluding SMEs for which 
there is no information available for all the years– our sample came to 
1992 industrial SMEs, which are analyzed in the period between 2013 
and 2018. This period was selected because the call for public subsidies 
was published in 2019 by the regional government of Murcia, and 
because compliance with the requirements for SMEs to benefit from 
public aid had to be accredited prior to the publication date of the call. 

The data used for this study are extracted directly from the SABI 
database. More specifically, SABI offers information on all economic- 
financial predictors, in addition to providing information on which 
SMEs applied for an energy efficiency subsidy in 2019 (there is an 
“observations” section within the subsidies where the specific type of 
subsidy received can be coded). 

4.2. Variables 

4.2.1. Dependent variable 
Initially, we collected the data from the SABI database on whether an 

SME had applied or not for an energy efficiency subsidy in 2019. Based 
on this information –and using artificial intelligence techniques to solve 
a classification problem– we sought to estimate the probability that an 

Table 2 
NACE Rev. 2 codes included in the sample.  

Code Definition 

07 Mining of metal ores 
08 Other mining and quarrying 
09 Mining support service activities 
10 Manufacture of food products 
11 Manufacture of beverages 
13 Manufacture of textiles 
14 Manufacture of wearing apparel 
15 Manufacture of leather and related products 
16 Manufacture of wood and of products of wood and cork 
17 Manufacture of paper and paper products 
18 Printing and reproduction of recorded media 
19 Manufacture of coke and refined petroleum products 
20 Manufacture of chemicals and chemical products 

21 
Manufacture of basic pharmaceutical products and pharmaceutical 
preparations 

22 Manufacture of rubber and plastic products 
23 Manufacture of other non-metallic mineral products 
24 Manufacture of basic metals 
25 Manufacture of fabricated metal products, except machinery and equipment 
26 Manufacture of computer, electronic and optical products 
27 Manufacture of electrical equipment 
28 Manufacture of machinery and equipment 
29 Manufacture of motor vehicles, trailers, and semi-trailers 
30 Manufacture of other transport equipment 
31 Manufacture of furniture 
32 Other manufacturing 
33 Repair and installation of machinery and equipment 
35 Electricity, gas, steam, and air conditioning supply 
36 Water collection, treatment, and supply 
37 Sewerage 
38 Waste collection, treatment, and disposal activities; materials recovery 
39 Remediation activities and other waste management services  
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SME would request or not a public investment subsidy in the future, 
where the group of SMEs likely to request the public subsidy is really the 
one of interest. This variable is thus dichotomous, taking the value 1 if 
the SME does request a public subsidy, or the value 0 if the SME does not. 

In the public call analyzed in this paper, the subsidy is calculated as a 
percentage of the investment costs –specifically, 30% of the investment 
in energy efficiency measures, considering the limits stated in the public 
call [19]. The investment must be directly related to energy savings and 
efficiency, i.e. the subsidized investment must be aimed at implementing 
efficient technology. The aid granted by the regional government is co- 
financed with contributions from the European Regional Development 
Fund (ERDF). Only those SMEs that previously met the eligibility re
quirements established in the call could apply for these public subsidies 
–in particular, SMEs included in any of the NACE Rev. 2 codes indicated 
in the call– could apply. 

4.2.2. Predictor variables 
We include 88 economic and financial indicators (ratios) related to 

indebtedness, investment, personnel expenditures, dividend policy, 
liquid assets, and other current assets and liabilities, as shown in Table 3. 
In general, those indicators related to indebtedness and liabilities are 
expected to have a negative effect on the probability of applying for this 
public aid to invest in energy efficiency, since indebtedness and liabil
ities tend to reduce a company’s investment capacity. For their part, 
indicators related to assets, dividends, liquidity, or size are expected to 
have a positive effect. Based on these 88 indicators, the dataset used in 
random forests consists of 528 indicators, formed as follows: (i) the 
corresponding value of the ratio for 2018 (Rnumber); (ii) the variation 
rate of each ratio between 2017 and 2018 (VRnumber); (iii) the year-on- 
year growth rate of each ratio over the period 2013–2018 (GRnumber); 
(iv) industry-relative indicators in terms of the value for 2018 

Table 3 
Economic and financial indicators.  

Indebtedness Expected 
sign 

Indicators 

Total indebtedness – R1: Total debt/Total equity and debt; R2: Total equity/Total equity and debt; R3: Financial debt/Total equity and debt; R4: Financial 
debt/Total debt; R5: Non-financial debt/Total equity and debt; R6: Non-financial debt/Total debt 

Long-term indebtedness – R7: Long-term financial debt/Total debt; R8: Long-term financial debt/Long-term debt; R9: Long-term financial debt/Total equity and 
debt; R10: Long-term debt/Total equity and debt; R11: Long-term debt/Total debt; R12: Long-term non-financial debt/Total debt; 
R13: Long-term non-financial debt/Total equity and debt; R14: Long-term non-financial debt/Long-term debt 

Short-term indebtedness – R15: Short-term financial debt/Total debt; R16: Short-term financial debt/Short-term debt; R17: Short-term financial debt/Total 
equity and debt; R18: Short-term debt/Total equity and debt; R19: Short-term debt/Total debt; R20: Short-term non-financial debt/ 
Total debt; R21: Short-term non-financial debt/Total equity and debt; R22: Short-term non-financial debt/Short-term debt; R23: 
Short-term debt/Long-term debt; R24: Short-term financial debt/Long-term financial debt 

Financial expenses (and 
incomes) 

– R25: Financial expenses/Total equity and debt; R26: Financial expenses/Total debt; R27: Financial expenses/Financial debt; R28: 
Financial expenses/Net sales; R29: Financial incomes/Total assets; R30: Financial incomes/Net sales; R31: (Financial incomes- 
Financial expenses)/Total assets; R32: (Financial incomes-Financial expenses)/Net sales; R33: (Financial incomes-Financial 
expenses)/Earnings before interest and taxes; R34: Financial expenses/Earnings before interest and taxes  

Investment Expected 
sign 

Indicators 

Non-current assets þ R35: Tangible assets/Total assets; R36: Tangible assets/Non-current assets; R37: Non-current financial assets/Total assets; R38: Non-current 
financial assets/Non-current assets; R39: Investment property/Total assets; R40: Investment property/Non-current assets; R41: Non-current 
assets/Total assets 

Other non-current 
assets 

þ R42: Other non-current assets/Non-current assets; R43: Other non-current assets/Total assets; R44: Total equity/Non-current assets  

Personnel 
expenses 

Expected 
sign 

Indicators 

Personnel expenses þ R45: Personnel expenses/Net sales; R46 (Personnel expenses/Other operating expenses); R47 (Personnel expenses/Number of employees); 
R48: Personnel expenses/Non-current assets 

Employees þ R49: Number of employees/Net sales; R50 (Number of employees/Other operating expenses); R51: Number of employees/Non-current assets  

Dividend policy Expected 
sign 

Indicators 

Dividends and 
reserves þ

R52: Total ordinary dividends/Net income; R53: Reserves/Total equity; R54: Reserves/Total equity and debt; R55: Reserves/Net income; 
R56: Reserves/Non-current assets  

Liquid assets (cash 
holdings) 

Expected 
sign 

Indicators 

Cash þ R57: Cash/Total assets; R58: Cash/Current assets; R59: Cash/Short-term debt; R60: Cash/Net sales 

Cash and cash equivalents þ
R61: Cash and cash equivalents/Total assets; R62: Cash and cash equivalents/Current assets; R63: Cash and cash equivalents/Short- 
term debt; R64: Cash and cash equivalents/Net sales  

Other current assets and 
liabilities 

Expected 
sign 

Indicators 

Current assets þ

R65: Current assets/Total assets; R66: Current assets/Short-term debt; R67: (Current assets-inventories)/Short-term debt; R68: 
(Current assets-inventories-trade receivables)/Short-term debt; R69: (Current assets-Short-term debt)/Net sales; R70: Current 
assets/Non-current assets 

Inventories þ

R71: Inventories/Total assets; R72: Inventories/Current assets; R73: Inventories/Short-term debt; R74: Inventories/Net sales; R75: 
(Inventories/Supplies)*365; R76: (Inventories+trade receivables)/Trade payables 

Trade receivables þ

R77: Trade receivables/Total assets; R78: Trade receivables/Current assets; R79: Trade receivables/Short-term debt; R80: Trade 
receivables/Net sales; R81: Trade receivables/Trade payables; R82: (Trade receivables/Net sales)*365 

Short-term financial assets þ

R83: Short-term financial assets/Total assets; R84: Short-term financial assets/Current assets; R85: Short-term financial assets/ 
Short-term debt; R86: Short-term financial assets/Net sales 

Trade payables – R87: Trade payables/Net sales; R88: (Trade payables/supplies)*365  
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(IRnumber); (v) industry-relative indicators in terms of the 2017–2018 
variation rate (IVRnumber); and (vi) industry-relative indicators in terms 
of the 2013–2018 year-on-year growth rate (IGRnumber). As can be seen, 
the large volume of indicators (specifically, 528 indicators for each 
company, implying over one million observations) does not allow for the 
application of regression or discriminant analysis models in which the 
number of parameters would eliminate the degrees of freedom of the 
model. In addition, linear models based on multiple discriminant anal
ysis or logistic regression would require prior selection of the explana
tory variables, which would cancel out the option of creating decision 
trees. 

The selection technique used to identify the economic-financial in
dicators is preprocessing, which refers to all the transformations on the 
raw data into a structured data set before it is fed into the machine 
learning [44]. This is a crucial part of data analytics prior to modelling 
since data preparation affects the model’s predictive capacity. After 
removing missing values, the preprocessing step that we followed was 
data reduction, which was aimed at removing redundant and irrelevant 
predictors. This was done carefully in order to ensure that no predictive 
information was lost and that no erroneous information was added to 
the data. This allowed us to obtain a more reduced representation of the 
predictors, which was smaller in volume but which produced almost the 
same analytical results. This dimensionality reduction helped to speed 
up training. We carried out a preliminary selection of predictors based 
on the correlation matrix, which shows the relation between two given 
predictors in the form of a matrix. Specifically, we used the correlation 
matrix to reduce dimensionality because one of the assumptions in most 
key machine learning models is that no variable in the model is highly 
correlated to any other variable. We thus built the correlation matrix for 
predictors to test correlation between independent variables. 

4.3. Random forest approach for an unbalanced sample context 

We build a model to classify firms which have or have not applied for 
a financial subsidy to improve energy efficiency, based on their char
acteristics. Specifically, we develop a random forest model [8,9] on a 
synthetically balanced training dataset to build a classifier for our study; 
i.e., to classify whether a firm has applied for a financial subsidy or not 
to improve energy efficiency (for instance, in terms of installing energy- 
efficient facilities, improving technology in equipment and industrial 
processes, or implementing energy management systems). In this case, 
we face a problem with unbalanced classification, where there are few 
cases in the minority class or positive class (i.e., firms which have 
applied for a financial subsidy), while most cases belong to the majority 
class or negative class (i.e., firms which have not applied for a financial 
subsidy). 

The minority class in our study is the most important, as usually 
occurs in learning from imbalanced data. In order to make good use of 
budgetary resources in informational campaigns about energy subsidies 
and so minimize public resource wastage and thereby provide accurate 
data on investment subsidies, public institutions are interested in iden
tifying which organizations are potential beneficiaries. Consequently, 
correctly predicting which firms have applied for a financial subsidy is a 
desirable property of the classifier. Optimal deployment of this policy 
instrument thus depends on the direct interaction of policymaker and 
potential beneficiaries –represented by the minority class. 

Taking this problem of imbalanced classification into account, many 
studies have pointed out that classification algorithms are extremely 
accurate for majority classes, but significantly less so for minority clas
ses. The classification performance of standard classification algorithms 

is negatively affected by imbalanced datasets because minority cases 
cannot be identified, even though they are generally the most interesting 
[5,25,33,43,48]. Researchers in the field of learning from imbalanced 
data have focused on using data sampling algorithms or external ap
proaches [1,11,20,23,29,32,35,53,64], modifying standard modelling 
algorithms or internal approaches [47,71,72,78], combining both in
ternal and external approaches or cost-sensitive learning techniques 
[63], and choosing appropriate performance metrics [41,50,57]. 

Since we focus on evaluating model performance, we split the 
dataset into a training dataset (70% of the sample) to fit the model and a 
test dataset to validate it on an unseen dataset (30% of the sample). In 
order to handle the imbalance issue, we balance the number of instances 
across the classes in the training dataset using a data sampling algorithm 
–rather than a modelling algorithm– which deals with class imbalance. 
Specifically, we choose the Synthetic Minority Oversampling Technique 
(SMOTE), proposed by Chawla et al. [20] to balance the training dataset. 
SMOTE is an oversampling method whose key point is that it creates 
extra minority instances (synthetic instances) by interpolating between 
minority class instances which are within a neighborhood [20]. In fact, 
SMOTE is the most widely known data sampling method and is 
commonly used in practice to balance class distribution in the training 
dataset [28]. Fernández et al. [25] point out that the popularity of 
SMOTE stems from its simplicity in terms of the procedural design as 
well as its robustness when chosen to pre-process unbalanced data in 
many different applications. 

Specifically, new minority instances are created as follows: for each 
minority instance, k neighbors are randomly selected; generally, the 
number of nearest neighbors used to generate new instances of the mi
nority class is k = 5. Depending on the amount of oversampling required, 
s neighbors from the k ones (s ≤ k) are randomly chosen again. For 
example, for 300% oversampling, three neighbors from the k = 5 are 
considered. The synthetic minority instances come from multiplying the 
difference between the minority instance and each of its neighbors 
(three out of the five in 300% oversampling is considered) by a random 
number between 0 and 1. In sum, SMOTE carries out an interpolation 
among neighboring minority class instances. As such, it increases the 
number of minority class instances by introducing new minority class 
examples in the neighborhood, thereby helping the classifiers to 
improve its generalization capacity and, hence, the performance of the 
classifiers on minority class instances. Fig. 2 shows how synthetic mi
nority instances are created. 

We then fit a random forest algorithm to the synthetic training set, 
which performs much better on the minority class since there are almost 
the same number of observations in the minority class as in the majority 
class. We build a random forest model with a repeated k-fold cross- 
validation algorithm. Specifically, we consider 10 repetitions and k =
10 folds. For each repetition, the balanced training set is randomly split 
into 10 folds. Thus, there is a different split of the balanced training set 
in each repetition. Each fold is treated as a validation set or out-of-bag 
sample (OOB sample) to compute the performance score of a random 
forest model, while the remaining nine folds are used to train it. The 
number of trees we consider for training a random forest is 100. Given 
that we consider 10 repetitions –k = 10 and 100 trees in each training 
set– the overall number of trees created is 10,000. The algorithm is 
summarized in Fig. 3. 

To create each tree, the random forest method selects several pre
dictor variables, thereby preventing any one particular feature that may 
be highly influential from dominating many trees. Hence, each tree is 
split based on slightly different samples and different features, providing 
decorrelated trees and producing a more accurate predictor. Each tree’s 
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predictions are aggregated so as to obtain the final predictor. As k = 10, 
a random forest model is training 10 times in each repetition. At each 
repetition, the estimated prediction error is computed as the average of 
the 10 prediction errors computed in each OOB sample. The above steps 
are thus repeated 10 times, and the overall prediction error (or overall 
OOB error) is the average of OOB errors in every repetition. 

Moreover, we use the random forest model trained using the 
balanced training set to generate predictions on the test dataset, which is 
30% of the dataset we set aside at the beginning of the procedure. To do 
this, we use the confusion matrix (illustrated in Table 4), which sum
marizes information about actual and predicted classification return by 
the classifier. Specifically, among the minority class instances (called the 
“positive class” in the table), those which the classifier correctly iden
tifies as positive are called true positives (TP), whereas those wrongly 

identified as negative are false negatives (FN). The majority class in
stances (called “negative class” in the table) that are correctly identified 
are true negatives (TN) and, finally, those that are incorrectly predicted 
are false positives (FP). Among them, TP and TN are the correct pre
dictions, while FP and FN are the incorrect predictions. 

Fig. 2. SMOTE method to create extra minority instances. 
Note: (1) X0 is the minority instance; (2) X1, X2, X3, X4, and X5 are the nearest neighbors; (3) X1, X2, and X5 are the nearest neighbors randomly selected; (4) Xs is the 
synthetic minority instance from multiplying the difference between the neighbors randomly selected and the minority instance by a random number between 0 and 
1 (black dots). 

Fig. 3. Random forest model with a repeated k-fold cross-validation algorithm. 
Note: repetitions are 10; k = 10 folds, where nine folds are used for training and one is treated as a validation set or out-of-bag sample (OOB sample); balanced 
training set is randomly split into 10 folds; overall number of trees created is 10,000 (100 trees in each training set, k = 10, and 10 repetitions); overall OOB error is 
the average of OOB errors in every repetition. 

Table 4 
Confusion matrix design.   

Positive prediction Negative prediction 

Positive class # TP # FN 
Negative class # FP # TN 

Note: True positives (TP) and true negatives (TN) are the correct predictions. 
False positives (FP) and false negatives (FN) are the incorrect predictions. 
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Based on the information obtained from the confusion matrix, we 
assess the performance of the classifier with regard to the positive and 
negative classes in the test dataset, computing some widespread per
formance metrics, which are reported in Table 5. As regards these 
metrics: (i) the recall or sensitivity is the true positive rate (TPR); i.e., the 
fraction of true positives correctly picked up; (ii) the specificity or in
verse recall is the true negative rate (TNR) and is used to know how 
many of the negatives are correctly picked up; (iii) informedness [54] 
combines recall and specificity into a single metric. This indicator ranges 
between − 1 and 1, with 1 being reached in the event of perfect classi
fication; (iv) positive predictive value (PPV) –also known as precision– is 
defined as the fraction of positively predicted instances that are truly 
positive: in other words, the ratio between true positives and all posi
tives (true and false positives); (v) similarly, the negative predictive 
value (NPV) –also known as inverse precision– shows the relationship 
between true and false negatives; (vi) precision and inverse precision are 
combined into a single metric, ranged in the interval [− 1,1] and called 
markedness [54]; (vii) the F1 measure [77] combines precision and 
recall into a single metric by computing their harmonic mean; and (viii) 
to overcome the drawbacks of previous metrics in the event of imbal
anced datasets (overoptimistic inflated results), informedness and 
markedness are combined into a single metric by calculating their 
geometric mean. This last indicator refers to the Matthews correlation 
coefficient (MCC) [4], which is an effective solution to overcome the 
class imbalance problem. MCC only produces a high truthful score if the 
classifier obtains good results in the four confusion matrix entries. 

Finally, we measure the variable importance in random forest 
modelling to select the most relevant explanatory variables for pre
dicting the target variable. For this purpose, we use the permutation 
feature importance method, whose main idea is to calculate the 
importance of predictors by randomly permuting each of them in the 
training set and computing the reduction in the OOB prediction error. In 
particular, each predictor variable is shuffled in the training set and a 
prediction model with the shuffled dataset is implemented. The higher 
the reduction in predictive performance, the greater the influence the 
predictor has. 

5. Empirical results 

5.1. Application of a traditional approach 

Prior to applying the random forest approach for unbalanced sam
ples –and in order to test whether this approach has a greater predictive 
capacity than traditional models– we perform some logit regressions in 
this section. The dependent variable is whether an SME has applied or 
not for a public investment subsidy (defined in Section 4.2.1). As regards 
the independent variables –and given the impossibility of including in 
the model all those described in Table 3– we choose three variables that 
the literature has mostly associated with requesting subsidies for energy 
efficiency (specifically, total indebtedness, non-current assets, and cash 
holdings). 

Results are shown in Table 6, which contains two different panels: 
Panel A –showing the results related to the logistic regressions per
formed– and Panel B –showing the results regarding performance 
measures defined in Table 5. As regards Panel A, Regression (I) shows 
the results for the logit regression, where none of the three independent 
variables included are significant. For its part, Regression (II) shows the 
same logit regression but applying the SMOTE technique (i.e., balancing 
the sample, as previously explained in Section 4.3). The three inde
pendent variables are now statistically significant which, a priori, in
dicates better predictive capacity. Specifically, total indebtedness is 
negatively related to the probability of requesting an energy efficiency 
subsidy, while non-current assets and cash flows have a significantly 
positive impact. In addition –and after checking the results of perfor
mance measures in Panel B– we see how the predictive power is also 
greater in Regression (II), i.e., the predictive power increases when the 
SMOTE sample balancing technique is applied in a logit regression. 
These results allow us to conclude that applying the SMOTE technique 

Table 5 
Performance measures: metrics.  

Measures Definition 

Recall TP
TP + FN 

Specificity TN
TN + FP 

Informedness TP
TP + FN

+
TN

TN + FP
− 1 

Precision TP
TP + FP 

Inverse Precision TN
TN + FN 

Markedness TP
TP + FP

+
TN

TN + FN
− 1 

F1 
2 • precision • recall

precision + recall 

MCC 
TP • TN − FP • FN

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
(TP + FN) • (FP + TN) • (TP + FP) • (FN + TN)

√

Note: TP equals true positives; TN equals true negatives; FP equals false posi
tives; and FN equals false negatives. 

Table 6 
Logit regression results.  

Panel A. Logit regressions 

Variables (I) 
Logit regression 

(II) 
SMOTE logit regression 

Total indebtedness − 0.693 − 0.835*** 
Non-current assets 4.903 18.909*** 
Cash holdings 0.000 0.000** 
Intercept − 2.719*** 0.442*** 
AIC 499.57 3625.3 
Chi-square (p-value) 0.338 0.000 
Optimal cut-off 0.0350 0.559   

Panel B. Performance measures 

Metrics Logit SMOTE Logit 

Recall 0.923 0.230 
Specificity 0.188 0.868 
Informedness 0.111 0.099 
Precision 0.025 0.037 
Inverse Precision 0.991 0.981 
Markedness 0.016 0.018 
F1 0.048 0.064 
MCC 0.041 0.042 

Note: total indebtedness is measured as the ratio of total debt over total equity 
and debt; non-current assets are measured as the ratio of investment property 
over non-current assets; and cash holdings are defined as the ratio of cash and 
cash equivalents over total assets. 
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implies an improvement in the predictive capacity of the logistic model. 
This is because none of the three independent variables commonly 
associated with requesting subsidies for energy efficiency are statisti
cally significant when the original unbalanced sample is considered. By 
contrast, when the artificially balanced sample is used, the three become 
relevant in terms of explaining the probability of requesting an energy 
efficiency subsidy. 

In any case, in these logit models (including the SMOTE logit) we 
have had to previously select the set of variables that impact the prob
ability of an SME requesting a public investment subsidy. However –and 
as discussed above– such selection is extremely difficult. An alternative 
is therefore the random forest approach which –based on a much larger 
set of predictors– allows us to determine which of these have the greatest 
impact on our dependent variable of interest. 

5.2. Results of applying the random forest approach for an unbalanced 
sample context 

As mentioned above, we face a problem with our unbalanced sample 
since the class distribution (majority versus minority class) is severely 
skewed. Specifically, there are 1919 firms in the majority class instances 
and only 73 in the minority class. Thus, the imbalance ratio is equal to 
0.03804, which is approximately a 1:27 class ratio. This unequal dis
tribution of classes in the dataset affects the efficient channeling and use 
of this public money. Optimal deployment of public policies depends on 
the direct interaction of policymaker and potential business benefi
ciaries of public investment subsidies, represented by the minority class. 

After splitting the dataset into a training dataset (70% of the sample) 
and an unseen dataset (30% of the sample), the training set consists of 
information related to 1396 firms, while the number of observations of 
the test dataset is 596 firms. In the training set, there are 1344 majority 
class instances and 52 minority class instances, and in the test set, 575 
and 21 observations, respectively. Consequently, both sets have a 
similar distribution. In the training set, 96.27% of the observations 
correspond to firms who do not receive a subsidy and 3.73% to firms 
who do. The test set consists of 96.47% of firms who do not receive a 
subsidy and 3.53% of firms who do. The same level of imbalance is 
therefore maintained (0.03804 imbalance ratio). 

Once our training set has been transformed –applying the SMOTE 
technique to balance the sample by creating new minority instances as 
stated in Section 4.3– the class distribution of the synthetic training set is 
balanced, with 1344 observations in the majority class and 1300 
(original and synthetic) observations in the minority class, as a result of 
duplicating the size of the minority class 24 times. In other words, since 
the size of the minority class in the training set is equal to 52, 24*52 =
1248 synthetic observations are generated and the final size of the mi
nority class of the training set is (24*52) + 52 = 1300. The overall 
prediction error (or overall OOB error) shows a value of 0.417%, such 
that the balanced training set model accuracy is around 99.583%. 

The confusion matrix results are illustrated in Table 7. As regards the 
minority (or positive) class, we see how the classifier correctly classifies 
all firms, such that the model is able to identify 100% of the firms that 
would be interested in receiving an energy subsidy. With regard to the 

majority (or negative) class, the classifier incorrectly classifies one firm 
as positive, while 574 firms are correctly classified as negatives. Given 
our testing set, the set of potential beneficiaries is reduced from 596 
firms to 22, without any false negatives and with just one false positive 
in the set. 

The scores related to the performance metrics are reported in 
Table 8. Specifically, this table shows: (i) as regards recall or sensitivity, 
it can be seen that the classifier achieves one in the true positive rate 
(TPR), which means that the model is able to identify 100% of the firms 
that would be interested in receiving an energy subsidy; (ii) as regards 
the specificity or inverse recall, the model detects 99.8% of the firms that 
would not be interested in receiving an energy subsidy; (iii) informed
ness is 0.998 –very close to 1– which means both high TPR and high 
TNR; (iv) as regards precision, the model is very accurate, since only 
4.5% of the firms detected as potential beneficiaries are in fact not; (v) 
inverse precision is equal to 1, which means that true negatives corre
spond to all negatives (true and false negatives); (vi) for its part, 
markedness shows a high value –close to the best possible value– 
meaning that both PPV and NPV are high; (vii) F1 also shows a high 
value, equal to 0.977 in the [0,1] interval, which could be interpreted as 
the model generating excellent predictions; and (viii) the MCC value is 
equal to 0.976 in the [− 1,1] interval –very close to the best value. This 
reflects the high predictive capacity of the model. 

Finally, Fig. 4 shows the variables ranked as being more important 
than the others. The most useful predictors for predicting which SMEs 
are potential energy beneficiaries are related to liquidity and indebt
edness. The predictor in the first position of the ranking is denoted by 
IVR86 (liquidity), which captures the increase in investment capacity 
measured in relation to the average of the sector (and defined as short- 
term financial assets divided by net sales). For their part, R24, IVR14, 
R27 and IVR23 are related to indebtedness. The variable R24 represents 
the financial debt maturity structure of a firm (calculated as short-term 
financial debt over long-term financial debt); IVR14 captures the per
centage of long-term-debt (maturity of over one year) which is nonfi
nancial (other types of debt not associated with bank loans) measured in 
relation to the average of the sector; R27 captures a firm’s interest and 
related charges on financial debt, which are requested from banks or 
financial institutions; and IVR23 is the variation ratio of a firm’s debt 
maturity structure measured in relation to the average of the sector. 

5.3. Traditional versus random forest approaches for unbalanced samples 

Table 9 shows the comparison of performance measures between the 
random forest approach for unbalanced samples and traditional ap
proaches. After verifying the changes experienced therein, we see how 
the increase in performance measures is very pronounced (specifically, 
with regard to informedness, precision, markedness, and F1). This 
comparison reflects the greater potential of using the random forest 
model within this context, which makes it a suitable and accurate 
approach for determining which predictors affect the probability of 
SMEs requesting a public investment subsidy. 

Table 7 
Confusion matrix results.   

Positive prediction Negative prediction 

Positive class 21 0 
Negative class 1 574 

Note: True positives (TP) and true negatives (TN) are the correct predictions. 
False positives (FP) and false negatives (FN) are the incorrect predictions. 

Table 8 
Performance measures: scores.  

Measures Score 

Recall 1.000 
Specificity 0.998 
Informedness 0.998 
Precision 0.955 
Inverse Precision 1.000 
Markedness 0.954 
F1 0.977 
MCC 0.976  
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6. Discussion of the main findings 

Applying a sophisticated random forest approach for unbalanced 
samples, this paper identifies the profile of which SMEs display the 
greatest potential to invest in energy efficiency measures so that gov
ernments can direct their efforts towards them, and thereby enhance the 
effectiveness of public policy allocation and execution. Based on this, 
several findings and contributions to previous literature may be high
lighted and discussed, and which directly aim to cover the gaps identi
fied. Firstly, this research provides a specific profile of which industrial 
SMEs are potential beneficiaries for investment in efficiency energy 
measures. More specifically, this profile shows the SMEs which – beyond 
merely meeting the legal requirements– are more likely to apply for this 
public aid and then make investments in energy efficiency. We find that, 
in general terms, aspects related to business liquidity and indebtedness 
are the main drivers that make SMEs in the industrial sector finally 
decide to apply for these public subsidies. This evidence places special 
emphasis on the importance of good economic-financial health, which is 
vital for SMEs vis-à-vis investing in energy efficiency measures, given 
that lack of liquidity or excessive indebtedness prevents them from 
undertaking projects (which chiefly affects investments in efficient 

energy). 
Secondly, in order to predict an accurate profile it has been necessary 

to implement more sophisticated techniques. In fact, this research evi
dences the greater predictive capacity of using the random forest 
approach for unbalanced samples compared to traditional ones. Spe
cifically, two key methodological challenges in this field have been 
addressed. On the one hand, the random forest approach [8,9] allows an 
accurate SME profile to be defined by handling a high volume of pre
dictor variables and by creating several independent decision trees. This 
large volume of indicators (in this case, 528 indicators for each com
pany, which implies over a million observations) does not allow the 
application of logit regression or discriminant analysis models in which 
the number of parameters would eliminate the degrees of freedom of the 
model. Moreover, our results allow us to affirm that applying traditional 
models in this field would not provide accurate results due to said 
models’ lower predictive capacity. Added to this is the fact that the 
traditional model would demand prior selection of the explanatory 
variables, which is extremely complicated. On the other hand, a further 
issue is that samples in this field are fairly unbalanced (such that the 
proportion of SMEs who applied and who are potential energy benefi
ciaries is very small, even though this is the group of greatest interest to 
public institutions). If this lack of balance is not considered by re
searchers, the results obtained would be biased because the “minority 
class” would not really be considered in the estimation. To address this 
issue, sample balancing techniques are applied in this paper, thereby 
increasing the accuracy of both the estimation and the identification of 
SME profile. 

The choice of the random forest model for this work is due to its 
innumerable advantages. On the one hand, random forest overcomes the 
over-fitting problem of decision trees, evidences good tolerance to noise 
and anomaly values, and exhibits good scalability and parallelism to the 
problem of high-dimensional data classification [7,8,46]. In addition, 
random forest is a non-parametric classification method and is data- 
driven. It trains classification rules by learning given samples and it 
does not require prior classification knowledge. On the other hand, this 
approach is faster than boosting, is simple, and is relatively quick to 

Fig. 4. Variables ranked as most important. 
Note: IVR86 refers to an industry variation rate of R86 (Short-term financial assets/Net sales); R24 equals Short-term financial debt/Long-term financial debt; IVR14 
refers to an industry variation rate of R14 (Long-term non-financial debt/Long-term debt); R27 equals Financial expenses/Financial debt; IVR23 refers to an industry 
variation rate of R23 (Short-term debt/Long-term debt); IVR38 refers to an industry variation rate of R38 (Non-current financial assets/Non-current assets); IVR85 
refers to an industry variation rate of R85 (Short-term financial assets/Short-term debt); IGR33 refers to an industry growth rate of R33 (Financial incomes-Financial 
expenses)/Earnings before interest and taxes); IGR68 refers to an industry growth rate of R68 (Current assets-inventories-trade receivables)/Short-term debt); and 
IGR8 refers to an industry growth rate of R8 (Long-term financial debt/Long-term debt). 

Table 9 
Performance measures: comparisons.  

Measures Random forest versus 
Logit 

Random forest versus SMOTE 
logit 

Recall 0.077 0.77 
Specificity 0.81 0.13 
Informedness 0.887 0.899 
Precision 0.93 0.918 
Inverse Precision 0.009 0.019 
Markedness 0.938 0.936 
F1 0.929 0.913 
MCC 0.935 0.934 

Note: The figures indicated in this table refer to the difference between the 
performance measures regarding the random forest model for unbalanced 
samples and the performance measures regarding the logit models. 
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develop and can be easily parallelized [8]. In addition, it gives useful 
internal estimates of error, strength, correlation, and variable impor
tance. Apart from taking into consideration these advantages, we chose 
random forest as the classifier because numerous articles for imbalanced 
data classification over the years have combined data resampling (in 
particular, SMOTE) and random forest in order to achieve classification 
goals. The balanced samples for training generated by SMOTE improve 
the performance of classifiers. They are used to train a random forest 
model to recognize the rate of samples in the minority class (e.g., 
[49,58,73,74]). Finally, we highlight that we have not compared the 
classification performance of random forest with other ensemble algo
rithms because of the extraordinary performance of random forest. In 
particular, the F-value index and MCC index used to evaluate the clas
sification performance for the imbalanced dataset are equal to 0.977 and 
0.976, respectively, as shown in Table 8. 

Thirdly, identifying the profile of potential beneficiary SMEs helps 
governments to directly filter which SMEs might be possible benefi
ciaries, thereby reducing the costs (in particular, dissemination and in
formation costs) that would be incurred by not having this profile, in 
addition to increasing the effectiveness of public aid allocation. Based on 
our evidence, public bodies should be aware of the need to specifically 
target their calls towards companies who are more likely to invest in 
energy efficiency measures. Should governments fail to pay attention to 
this profile and launch more generalist calls, the channeling of public 
subsidies becomes more difficult, which often results in a lower in
vestment rate in energy efficiency. Beyond what are merely economic 
motivations, success in the design and implementation of public calls is 
also important in terms of boosting the commitment to sustainability, 
given the environmental advantages to be derived from energy effi
ciency measures [38]. Similar to what happens in commercial building 
operations, investment subsidies play a crucial role in connecting the 
broader goal of carbon reduction through practical, actionable steps 
[45]. The financial support provided by subsidies facilitates the imple
mentation of energy-efficient technologies, thus contributing to a more 
sustainable and environmentally friendly approach to commercial 
building management. 

Fourthly, although this research is focused on the specific context of 
the Region of Murcia, our findings can be generalized both at the 
country and sector level. At the country level, Spain displays a similar 
energy consumption across its various regions –in terms of distribution 
of sources– with electrical energy representing the highest cost [61]. For 
this reason, Spain tends to show a strong commitment to producing 
electrical energy from cleaner and more efficient sources [56], high
lighting the relevance of investing in energy efficiency measures. Added 
to this is the fact that the European Union has recently agreed to end coal 
and gas heating by 2040, which represents an added boost at country 
level in terms of promoting more energy efficiency measures [31]. Going 
further, the Region of Murcia –with its distinctive Mediterranean 
climate and specific combination of socioeconomic factors– provides a 
representative case that resembles other European regions. This means 
that the results obtained here can be extrapolated to those regions which 
display similar features. At the sector level, the findings obtained can be 
generalizable to organizations that operate in the industrial sector (or 
similar sectors), which is where public aid has been analyzed in this 
article, and which represent a high proportion of both the regional and 
national product fabric. 

Finally, this study has some limitations that may lead to future 
research lines. First, this study is focused on public subsidies as the main 
driver of investments in energy efficiency measures. Future studies may 
consider other drivers that alleviate other barriers (both economic and 
otherwise) that make it difficult for SMEs to invest in efficient energy. 
Secondly, this study is focused on SMEs from the Region of Murcia. 
Future studies could analyze to what extent the profile stated in this 
paper is the same for larger companies and for companies that operate in 
other contexts whose (political, fiscal, economic, and social) features 
differ slightly from those of Spain. Thirdly, future papers may delve into 

which specific aspects of liquidity and indebtedness within an enterprise 
would be valuable, thereby providing a more specific profile of SMEs 
that could potentially benefit from public investment subsidies. Finally, 
it would be interesting to explore to what extent those businesses who 
are potential beneficiaries of these public subsidies ultimately do actu
ally request them and invest in said support to achieve energy im
provements in their organizations. To do this, it may be useful to 
examine the motivations, implications, and impact that such public 
subsidies have on organizations. 

7. Concluding remarks 

Implementing efficient energy measures should not only be encour
aged for environmental reasons but also because of the benefits in terms 
of business competitiveness [38], increased cost saving, and perfor
mance. Despite these motivations, many companies (especially SMEs) 
are still failing to implement energy efficiency measures [15,42] due to 
the barriers that prevent them from undertaking these investments [65]. 
In an effort to counteract these barriers, public institutions often define 
and implement public programs that seek to boost the attractiveness and 
appeal of investments in energy efficiency measures [55]. Specifically, 
public investment subsidies are one of the most prominent instruments 
to counter these economic-financial barriers and so encourage com
panies to make such investments [12,14,21,26]. Bearing this in mind, 
this paper seeks to identify the profile of which SMEs display the greatest 
potential to invest in energy efficiency measures so that governments 
can direct their efforts towards such SMEs and thereby enhance the 
effective allocation and execution of these public policies. Based on a 
sample of 1992 SMEs from the Region of Murcia (Spain) over the period 
2013–2018, this paper uses a random forest approach and techniques for 
unbalanced samples to identify SME profile. Results show that the most 
useful predictors for predicting which SMEs in the industrial sector are 
potential energy beneficiaries are those related to liquidity and 
indebtedness. 
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NACE Rev 2 Codes Electricity Gas Diesel Fuel oil Coal and coke Biofuels Heat and other energy Total energy consumption 

07 Mining of metal ores 44,697 639 5504 674 4920 0 447 56,881 
08 Other mining and quarrying 73,906 28,482 65,699 2989 0 0 436 175,998 
10 Manufacture of food products 1,073,429 509,278 188,791 9344 781 13,569 15,631 1,828,614 
11 Manufacture of beverages 133,368 57,609 28,180 25,025 0 2203 25 249,320 
13 Manufacture of textiles 101,661 52,398 5556 48 0 282 149 160,623 
14 Manufacture of wearing apparel 13,978 1656 2825 18 0 0 40 18,594 
15 Manufacture of leather and related products 21,160 6391 3087 272 0 0 0 31,296 
16 Manufacture of wood and of products of wood and cork 133,321 10,535 27,533 1013 0 4101 559 177,762 
17 Manufacture of paper and paper products 399,019 231,197 13,576 14,389 0 4854 16,216 681,805 
18 Printing and reproduction of recorded media 66,381 11,069 6120 0 0 0 46 84,221 
19 Manufacture of coke and refined petroleum products 280,493 452,498 305 0 0 0 113,275 846,631 
20 Manufacture of chemicals and chemical products 720,192 589,242 31,076 4280 7 3108 194,772 1,581,572 
21 Manufacture of basic pharmaceutical products and pharmaceutical preparations 115,367 41,979 3760 5604 0 0 1541 169,302 
22 Manufacture of rubber and plastic products 424,717 48,921 22,289 3798 0 214 18,666 519,741 
23 Manufacture of other non-metallic mineral products 566,444 626,376 89,815 14,525 87,924 15,581 11,387 1,416,290 
24 Manufacture of basic metals 1,113,460 441,515 14,311 11,061 10,974 7 78,333 1,672,215 
25 Manufacture of fabricated metal products, except machinery and equipment 307,052 98,754 50,213 2836 24 393 5428 472,333 
26 Manufacture of computer, electronic and optical products 24,258 2043 2122 131 0 4 173 29,101 
27 Manufacture of electrical equipment 120,849 17,188 7625 365 0 0 1501 148,699 
28 Manufacture of machinery and equipment 90,919 17,785 23,241 515 0 51 463 135,998 
29 Manufacture of motor vehicles, trailers, and semi-trailers 372,113 100,795 23,025 1692 0 246 714 501,278 
30 Manufacture of other transport equipment 69,192 14,739 12,639 0 0 1 966 100,504 
31 Manufacture of furniture 38,619 3442 17,640 50 0 111 26 60,048 
32 Other manufacturing 22,495 2510 2312 0 0 0 101 27,761 
33 Repair and installation of machinery and equipment 23,719 4273 24,560 109 0 0 91 55,426 
Total 6,350,809 3371,314 671,804 98,738 104,630 44,725 460,986 11,202,013 

Note: The figures are expressed in thousands of euros. Some NACE Rev. 2 codes that are part of this study are not included in this table because they do not report data. 
Source: Spanish National Statistics Institute.  
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[56] Red Eléctrica. España es el segundo país europeo que más energía eléctrica generó 
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