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Abstract  

Firms want to be included in the sustainability indices in order to attract the attention of the potential investor. In this study, 

time series data of financial performance of companies in XUSRD are used. On the other hand, contrary to the statistical 

analyses in the literature, to predict whether companies will take part in XUSRD, a combination of two machine learning 

methods, namely random forest for feature selection and gradient boosting for learning, is applied. In addition, to overcome 

the problem of data scarcity, the column-wise random shuffling method, which is a proven data augmentation technique in 

predicting stock market indices, has been preferred. The results show that the combination of random forest and gradient 

boosting reaches a test accuracy of 94.74% and outperforms state-of-the art models, namely, k-nearest neighbor, random 

forest, decision tree, support vector, naive bayes classifiers.   

Özet  

Firmalar potansiyel yatırımcının dikkatini çekebilmek adına sürdürülebilirlik endekslerine dahil olmak istiyor. Bu çalışmada 

XUSRD'deki şirketlerin finansal performansına ilişkin zaman serisi verileri kullanılmıştır. Öte yandan, literatürdeki 

istatistiksel analizlerin aksine, şirketlerin XUSRD'de yer alıp almayacağını tahmin etmek için, özellik seçimi için rastgele 

orman ve öğrenme için gradyan artırma olmak üzere iki makine öğrenmesi yönteminin bir kombinasyonu uygulanmaktadır. 

Ayrıca veri kıtlığı sorununun aşılması amacıyla borsa endekslerinin tahmininde kanıtlanmış bir veri büyütme tekniği olan sütun 

bazında rastgele karıştırma yöntemi tercih edilmiştir. Sonuçlar, rastgele orman ve gradyan artırma kombinasyonunun 

%94,74'lük bir test doğruluğuna ulaştığını ve k-en yakın komşu, rastgele orman, karar ağacı, destek vektörü, saf bayes 

sınıflandırıcıları gibi en gelişmiş modellerden daha iyi performans gösterdiğini göstermektedir.
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1. INTRODUCTION  

The financial and technological innovations 

of the last two centuries, which are still 

ongoing, have caused several environmental, 

social, and economic problems [1, 2]. In 

today's world, cities and businesses consume 

more than two-thirds of the world's energy, 

while producing 80% of greenhouse gas 

emissions and 50% of the world's waste. This 

has highlighted the importance of addressing 

environmental issues such as uncontrolled 

consumption of natural resources, pollution, 

global warming and climate change. In terms 

of sustainability, it is critical for businesses to 

reduce the environmental damage they cause 

in their operations or to operate without 

impacting the environment. Various 

strategies, in particular the circular economy, 

have been developed and used by companies 

to achieve this goal. The circular economy is 

a business concept that aims to reuse and 

recycle products and reduce resource 

consumption. It promotes economic growth, 

employment and environmental quality [3]. 

Before discussing the notion of circular 

economy (CE), it is necessary to discuss 

linear economy (LE), which played a 

significant role in the development of this 

concept. The linear economy is a type of 

economy that emerged with the industrial 

revolution, emphasizing the processing of 

resources, their conversion into goods, and 

their disposal at the end of their useful life. 

With this approach, known as buy-use-

dispose, it is understood that resources are 

employed indefinitely to manufacture items, 

and products are removed from usage with 

the intention of "buying better" before they 

expire. This economic approach has resulted 

in numerous environmental issues. Among 

these environmental issues include resource 

depletion, waste accumulation, and an 

increase in emissions [4, 5]. 

The circular economy, on the other hand, is a 

new economic model that seeks to reduce raw 

material consumption, waste, and value chain 

hazards by keeping the resources used in 

production in the production cycle for as long 

as possible. As a result, the circular economy 

appears to be both a sustainable economy and 

a new economic opportunity [6]. According 

to the European Action Plan, the circular 

economy is an economy in which products 

and materials have value. In this economy, 

resources are protected for as long as possible 

and waste generation is limited [7]. This new 

model, which is widely seen as an alternative 

to the linear economy, incorporates concepts 

that are critical for all businesses working 

within the framework of sustainable 

development. It focuses on reducing a 

company's use of resources through reduce, 

reuse, and recycle (3R principle), ensuring 

the long-term use of products, and recycling 

and reusing waste products [8]. Recycling, 

rethinking, redesign, product renewal and 

repair are now included in these principles, 

and it is emphasized that companies carry out 
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their activities in a cycle by developing 

extended Rs [9]. 

The circular economy represents a novel 

approach to more sustainable social and 

sectoral growth. The circular economy also 

aims to increase regional competitiveness 

and achieve a more equitable distribution of 

economic growth and wealth. The circular 

economy and the sustainability approach 

provide the basis for delivering long-term 

benefits by ensuring an economic system 

capable of generating long-term growth and 

income and functioning with high financial 

performance (FP) [10-12]. As a result, a 

deeper exploration of the idea of 

sustainability is needed. Furthermore, as of 

2019 [13], Turkey has started to adopt the 

circular economy by linking it to 

sustainability efforts. 

Sustainability has recently been considered in 

many different sectors [2-13]. The concept of 

sustainability has evolved through several 

stages to reach its current prominence. 

Globally, there have been rapid technological 

breakthroughs since the 1950s. Some 

challenges, such as environmental pollution 

and energy depletion, have become socially 

remarkable as a result of these advances in 

the manufacturing sector. From this 

perspective, the declaration adopted at the 

1972 UN Conference on the Human 

Environment in Switzerland could be used to 

discuss an international awareness of 

sustainability. With the study [14], the 

concept was recognized by a wide range of 

circles, especially in the field of economics. 

According to the report, the most common 

definition of sustainable development is the 

use of resources without compromising the 

needs of the present while considering future 

generations. Following the publication of the 

study, the Coalition for Environmentally 

Responsible Economies (CERES) principles 

were signed in 1989, the Earth Summit was 

held in 1992, and the Kyoto Protocol was 

signed in 1997 as part of the United Nations 

Framework Convention on Climate Change. 

The Organization for Economic Cooperation 

and Development (OECD) Declaration on 

International Investment and Multinational 

Enterprises in 2000, the World Business 

Council on Sustainable Development in 

2001, the OECD Parliamentary Commission 

on the Environment in 2002, and the United 

Nations Conference on Sustainable 

Development in 2012 have all focused on 

global sustainability. 

The incorporation of the concept into 

business management practices is a result of 

the global importance given to sustainability 

in the national context. The idea of corporate 

sustainability has evolved from this 

perspective. The goal of the business system 

is to keep the economy viable. However, by 

considering difficulties related to 

environmental and social phenomena, rather 

than just economic objectives, it will be 

possible to ensure the managerial integration 
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of sustainability [15]. Once integrated, 

corporate sustainability will no longer be a 

management strategy, but an integral part of 

the company's culture [16]. Stakeholder 

theory, corporate social responsibility, 

corporate accountability theory, and 

sustainable development concepts have all 

been examined in studies of the management 

concept that internalizes corporate 

sustainability [17]. Stakeholder theory and 

legitimacy theory serve as the basis for 

corporate sustainability. The owners of 

companies, employee unions, customers, 

suppliers, competitors, and society are the 

stakeholders that give the first hypothesis its 

name. According to stakeholder theory, in 

addition to meeting the expectations of 

owners and shareholders, companies should 

also treat other stakeholders with sufficient 

transparency [18]. On the other hand, 

according to legitimacy theory, a firm's 

actions must be in the best interest of society 

as a whole in order for its legitimacy to be 

recognized [19]. 

The challenge of measuring sustainability in 

terms of performance has emerged with the 

integration of corporate sustainability into 

management processes and the 

implementation of information exchange 

with stakeholders without manipulation. 

Elkington [20] introduced the idea of the 

Triple Bottom Line (TBL), also referred to as 

the "Three Pillars of Sustainability", into the 

literature to be used in this research. 

According to [21], TBL refers to an approach 

that considers performance in all three areas 

of economic, social and environmental 

aspects. Companies will have achieved their 

sustainability goal if they approach and apply 

this three-dimensional performance in a 

comprehensive and interactive manner. 

Sustainability reporting (SR) is used to 

collect and analyze performance data in TBL 

dimensions and to communicate with 

stakeholders. Companies use SR to maintain 

effective communication with stakeholders 

by demonstrating the links between their 

actions and sustainability for their 

information [22-24]. The ever-increasing 

number of stakeholders and their growing 

expectations put pressure on companies to 

maintain SR, and the fact that management 

openness is provided also promotes the 

willingness to do so [25]. Companies that 

prepare SR work with the goal of being able 

to achieve success in terms of FP while at the 

same time being transparent to stakeholders. 

Companies' research on sustainability has 

also shown its impact on the country's stock 

markets over time. The sustainability index, 

the first examples of which were observed in 

developed countries in the 1990s, is one of 

the mechanisms through which stakeholders 

evaluate the sustainability of organizations 

[26]. On November 4, 2014, the 

sustainability index was included in the 

indices of Borsa Istanbul (BIST) in Turkey. 

In the first BIST Sustainability Index 
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(XUSRD) in Turkey, there were 15 

companies; by 2021, this number had 

increased to 65. Companies can use the index 

to assess their national and international 

sustainability performance. Previous 

research has shown a correlation between the 

XUSRD and the BIST100, with both indices 

showing a high degree of similarity in their 

behavior [27]. Furthermore, it has been found 

that the sustainability efforts undertaken by 

the companies have a positive impact on the 

mission, vision, strategy reports and financial 

reports. According to Mumcu and Ufacık 

[28] and Yılmaz et al. [29], the inclusion of 

companies in the XUSRD index has been 

found to lead to an acceleration of their 

sustainability initiatives and an increased 

focus on reporting. 

Both anecdotal and empirical evidence 

support the notion that increased social and 

environmental reporting can improve a 

company's financial performance and market 

value [30]. This study estimates the effect of 

FP on SR and the publication status of the SR 

report by examining the relationship between 

SR and FP. The sample group of the study 

consists of XUSRD companies. Due to their 

structure, financial companies (holding 

companies, banks, insurance companies, and 

REITs) included in XUSRD were excluded 

from the sample group [31]. Firms in 

XUSRD are classified into two groups based 

on their SR preparation or non-preparation 

status. Profit, return on assets (ROA), return 

on equity (ROE), return on sales (ROS), size, 

and financial leverage (LVG) are considered 

as FP indicators. SR was chosen as the 

decision variable of the model. 

The objective of this study is to analyze the 

importance that companies attribute to SR 

and its impact on publication status, as 

evidenced by FP indicators. Numerous 

studies have been conducted to investigate 

the relationship between the variables under 

consideration, as evidenced by the existing 

literature. This study makes several distinct 

contributions to the existing body of 

knowledge. The study makes several 

significant contributions, which can be 

summarized as follows: The FP indicators 

discussed are not dependent on market forces 

and are immune to manipulation. The studies 

conducted in the literature used a limited 

dataset due to their association with the early 

years of the XUSRD. In contrast, this study 

used a more extensive and recent dataset. In 

this context, a comprehensive study was 

conducted on a sample group of 44 

companies, covering the period from 2014 to 

2021. The analysis does not include data for 

2022, as it is currently unpublished. Rather 

than using classical statistical analysis based 

on a single method, as is common in the 

existing literature, this study used 

comparative analysis through the application 

of artificial intelligence techniques. To date, 

no other empirical investigation has been 

conducted that examines the correlation 
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between SR and FP using machine learning 

algorithms. The existing literature on the 

relationship between circularity and 

sustainability has been enhanced by the 

inclusion of the FP relationship. 

The remainder of the paper is organized as 

follows. An extensive literature review is 

presented in the second part of the study. 

Data and methodology are presented in the 

third section. The methods used and the 

results of the analysis are presented in the 

fourth section, and the results and comments 

are presented in the fifth section. 

2. LITERATURE REVIEW AND RELATED 

WORK  

A review of the literature indicates that the 

terms social responsibility report, corporate 

social responsibility report, and SR are used 

interchangeably in most studies. The 

relationship between SR and FP is actively 

debated in a variety of countries, industries, 

and years [15, 32, 33]. There are studies that 

examine the relationship between these two 

variables as positive, negative, neutral, or no 

relationship based on effect. There are also 

studies that evaluate the FP indicators as 

statistically significant or insignificant. 

Comincioli, Poddi, and Vergalli [34] 

conducted a study to examine the relationship 

between corporate social responsibility and 

financial performance. The sample consisted 

of 317 companies that were included in at 

least two of three sustainability indices and a 

control group of 100 companies that were not 

included in these indices. The analysis 

showed that the companies included in the 

XUSRD index had higher market value 

added than those not included in the index. 

Studies in the literature show that SR analysis 

can be included in the analysis as 1 if a report 

has been published by the company for the 

relevant year and 0 otherwise. For example, 

Kuzey and Uyar [35] investigated the 

determinants of sustainability reporting 

practices of companies listed on BIST. In 

addition to the Leverage, Size and ROA 

variables, the SR variable takes the value of 

1 if the company publishes a sustainability 

report, and 0 otherwise. Kim and Kim [36] 

evaluated the benefits of corporate 

sustainability management activities, 

including sustainability reporting, to 

stakeholders with a similar approach. 

Conducting their research, they concluded 

that profitability does not significantly affect 

sustainability activities, but company size 

does.  

As a second step, studies focusing on 

sustainability and circular economy were 

discussed. In Güngör's study [37], a detailed 

literature review was conducted. According 

to this study, there are descriptive-

explanatory and practical studies on circular 

economy in the literature, as well as studies 

that evaluate the relationship between 

circular economy and sustainability on a 

theoretical level, examine sustainable 

business models, and focus on the analysis of 
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sustainability reporting. In addition, the study 

examined the SR status of 27 companies 

operating in the food, beverages, chemicals, 

petroleum, plastics, metals, textiles, leather, 

mining and forestry, and paper and printing 

sectors of the BIST100 in 2021. The results 

obtained are in line with the theory that the 

circular economy can be analyzed with SR, 

which was put forward in the research carried 

out in the textile sector by Stewart and Niero 

[38]. 

Despite the growth of multi-variable 

assessment approaches, the application of 

supervised and unsupervised learning 

techniques to sustainability assessment 

remains largely unexplored [39]. However, 

many machine learning methods have been 

used to make predictions on various topics in 

the stock market [40-44]. Nayak et al. [45] 

integrated K-Nearest Neighbor (kNN) and 

Support Vector Machine (SVM) methods to 

predict the Indian stock market index. The 

proposed model was found to have partially 

successful prediction ability based on high-

dimensional data. Chen and Hao [46] used a 

hybrid of feature weighted SVM and feature 

weighted kNN methods to predict the 

Chinese stock market index. Ayala et al. [47] 

tested the performance of Linear Model 

(LM), Artificial Neural Network (ANN), 

Random Forests (RF) and Support Vector 

Regression (SVR) techniques to predict 

trading signals in three different stock market 

indices (IBEX, DAX and DJI). Park et al. 

[48] proposed the LSTM-Forest model by 

integrating Long Short Term Memory 

(LSTM) and RF techniques on three different 

stock market indices (S&P500, SSE, and 

KOSPI200). The daily forecasting success of 

their proposed model was more successful 

than the RF algorithm. Similarly, hybrid 

learning methods combined with statistical 

models or other techniques have also been 

used in stock market research [49-53]. 

As a result of a two-step literature review; (i) 

the increasing trend in the studies is on the 

effect-based analysis of the relationship 

between various control variables and SR-

FP; (ii) the studies on circular economy and 

sustainability are focused on the descriptive-

explanatory or theoretical level, and the 

analytical application is extremely rare; (iii) 

numerical analyses are performed using 

statistical methods. (iv) It has been observed 

that there is no study on machine learning 

methods, which is one of the most recent and 

superior methods in the academic literature. 

3. DATA AND RESEARCH 

METHODOLOGY  

3.1. Data source and description 

Companies include detailed information on 

all their sustainability activities in their SR 

reports. In this way, both the circular 

economy and various issues can be examined 

through these reports. With the global 

importance of sustainability activities, 

awareness of this issue has increased in 

Turkey over the years and XUSRD has been 
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established by BIST. In this study, the data of 

44 companies, excluding companies 

operating in the financial sector (holding, 

banking, insurance, real estate), included in 

XUSRD between 2014 and 2021 were 

collected through the websites of the 

companies and the Public Disclosure 

Platform. 

The study used FP indicators as independent 

variables; they can be classified into three 

types: market-based, accounting-based, and 

perceptual measures [54]. The perceptual 

measures of these indicators are subjectively 

determined by the company's survey ratings. 

A review of the literature on FP indicators 

shows that accounting-based indicators have 

been widely used between 2002 and 2011 

because they are objective and verifiable. 

These studies are followed by studies using 

partially objective market-based indicators, 

and the rate of perceptual studies for direct 

subjective evaluations is very low [55]. In 

addition to the objectivity of accounting-

based measures, the reason for using market-

based measures is that they incorporate 

stakeholders' future expectations for a 

company's stock [56-58]. ROA, ROE, ROS, 

and size and financial leverage, which are 

accounting-based measures with literature 

consensus on profitability objectivity, were 

used as variables in this study and are shown 

in Table 1. 

Table 1: Explanations of the Variables. 

Symbol Description/Calculation 

SR 
1 if the firm publishes a sustainability report, 0 

otherwise 

Profit Profit 

ROA Net Profit/Total Assets 

ROE Net Profit/Equity 

ROS Net Profit/Total Sales 

Firm 

Size 
Natural Logarithm of Total Assets 

lvg Financial Leverage = Total Liabilities/Equity 

In the literature, Vitezic, Vuko and Mörec 

[59] examined the effect of FP-SR with ROA, 

ROE and size variables. Data from Croatian 

companies from 2002 to 2010 were analyzed 

using logistic regression. According to the 

data of Croatian companies, both profitability 

variables (ROA, ROE) and size variable for 

FP were found to be effective in publishing 

SR. Dağıstanlı and Çelik [60] used logistic 

regression analysis in their study with data 

between 2014-2021 for companies in 

XUSRD in Turkey. It was found that the size 

variable was significantly effective in SR 

publication, but the profitability variables 

were not. Firms in the BIST 100 

sustainability index were classified by cluster 

analysis according to their environmental, 

social and governance scores (ESG) [61]. 

3.2. Data Augmentation Technique: Column-

Wise Random Shuffling 

In this study, machine learning techniques 

have been used rather than a single statistical 

method, as is often the case in the literature 
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on sustainability and financial performance. 

In many cases where a machine learning 

method is used, lack of data may not be an 

issue. However, these models are not suitable 

for learning patterns from high-dimensional 

data sets [62]. A large amount of data does 

not always lead to accurate results. As a 

result, various feature selection and feature 

extraction methods are applied to the inputs 

to reduce the data size. However, since 

features are learned directly from the data, 

reducing the input size may result in data loss 

and poor performance. In addition, the small 

data set causes the training data to be 

recalled, and there may be a lack of fit. Using 

various regularization methods in the data, it 

is possible to avoid unnecessary repetitions 

and over fitting [63]. 

As in this study, data augmentation is one of 

the best ways to make sense of and avoid 

fabrication when training datasets are 

significantly small in industries such as 

finance. Data augmentation methods are used 

in many different areas in the literature [64, 

65]. For financial time series input datasets, 

an approach called column-wise random 

shuffling is proposed, which does not distort 

the original input dataset [66]. An example of 

column-wise random shuffling using 

variables (V), firms (C), and years (T) is 

visualized in Fig. 1. First, data for 6 variables 

for 44 companies included in XUSRD were 

collected over an 8-year period, as shown in 

Fig. 1. For example, all 8-year values of the 

first variable of company 5 are reserved. New 

data sets (represented by cubes in Fig. 1) 

were obtained by randomly mixing these 

values on a column-by-column basis. This 

data increment is then iterated for all V values 

of each company. All new layers are designed 

to focus on carrying the common features of 

each company. It is assumed that a random 

mixing of all relevant V values will not 

reflect the characteristics of the company. 

Therefore, the data augmentation is limited to 

all company-specific V values recorded for 

the T period. The number of different data 

sets that can be generated by random 

shuffling on a column-by-column basis is 

nearly infinite. The advantage of this 

situation is that many similar data sets can be 

generated, while the disadvantage is that data 

augmentation with such variation can 

confuse the model and make learning very 

difficult. 



Dağıstanlı, Özen, Saraçoğlu, Savunma Bilimleri Dergisi, 20(2): 279-302 (2023) 

 

288 

 
Figure 1:An Example of Column-Wise Random Shuffling In XUSRD. 

4. MACHINE LEARNING METHODS 

USED FOR THE PREDICTION OF 

SUSTAINABILITY INDEX  

In this study, six different algorithms are used 

to develop six models for classifying and 

predicting the sustainability indices of the 

companies in the BIST100. These methods 

are naive Bayes, k-nearest neighbor, support 

vector, decision tree, random forest and 

gradient boosting classifiers. 

4.1. Naive Bayes Classifier 

This classifier assumes the independence of 

all the features, hence it is naive. For the 

features 1 to N (𝑓1, 𝑓2, … 𝑓𝑁), and the 

𝑐𝑙𝑎𝑠𝑠 𝑙𝑎𝑏𝑒𝑙𝑖, where i =1 or 2 for the binary 

(two-class) problem, the probability of a 

particular class label given the features can be 

calculated as in Eq. 1. 

4.2. K-Nearest Neighbor Classifier 

This method measures the distance between 

the unknown sample and its neighbors. An 

evaluation is made according to the number 

of preselected neighbors, and hence k is 

predefined, and the new sample is 

categorized as a member of the class to which 

the majority of the nearest neighbors belong. 

Different numbers of neighbors can be used 

and this number is a hyper parameter for the 

algorithm. It is possible to make a grid search 

and determine the best k. Fig. 2 shows how 

the k-nearest neighbor classifier works; in the 

figure, if k=5, then the classification for the 

blue triangle which represents the data whose 

class is unknown, will be determined as the 

class of the flag sign, since there are four flag 

signs and one face sign in the five-

neighborhood of the blue triangle, whereas if 

k=11, then the class will be face sign. 

𝑃(𝑐𝑙𝑎𝑠𝑠 𝑙𝑎𝑏𝑒𝑙𝑖|𝑓1, 𝑓2, … , 𝑓𝑁) =
𝑃(𝑓1,𝑓2,…,𝑓𝑁|𝑐𝑙𝑎𝑠𝑠 𝑙𝑎𝑏𝑒𝑙𝑖)𝑃(𝑐𝑙𝑎𝑠𝑠 𝑙𝑎𝑏𝑒𝑙𝑖)

𝑃(𝑓1,𝑓2,…,𝑓𝑁)
      (1) 

If all the features are conditionally 

independent given the 𝑐𝑙𝑎𝑠𝑠 𝑙𝑎𝑏𝑒𝑙𝑖: 

𝑃(𝑓1, 𝑓2, … , 𝑓𝑁|𝑐𝑙𝑎𝑠𝑠 𝑙𝑎𝑏𝑒𝑙𝑖) =

𝑃(𝑓1|𝑐𝑙𝑎𝑠𝑠 𝑙𝑎𝑏𝑒𝑙𝑖) … 𝑃(𝑓𝑁|𝑐𝑙𝑎𝑠𝑠 𝑙𝑎𝑏𝑒𝑙𝑖)  (2) 

Combining Eq. 1 and Eq. 2 gives 

𝑃(𝑐𝑙𝑎𝑠𝑠 𝑙𝑎𝑏𝑒𝑙𝑖|𝑓1, 𝑓2, … , 𝑓𝑁) =

𝑃(𝑐𝑙𝑎𝑠𝑠 𝑙𝑎𝑏𝑒𝑙𝑖) ∏ 𝑃(𝑓𝑗|𝑐𝑙𝑎𝑠𝑠 𝑙𝑎𝑏𝑒𝑙𝑖)𝑁
𝑗=1

𝑃(𝑓1,𝑓2,…,𝑓𝑁)
                 (3) 
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The classification done by the naïve Bayes 

canbe summarized by Eq. 4: 

𝑐𝑙𝑎𝑠𝑠 𝑙𝑎𝑏𝑒𝑙 =

𝑎𝑟𝑔𝑚𝑎𝑥𝑖∈{1,…,𝑘}𝑃(𝑐𝑙𝑎𝑠𝑠 𝑙𝑎𝑏𝑒𝑙𝑖|𝑓1, 𝑓2, … , 𝑓𝑁)  (4) 

The class labels are assigned using the above  

algorithm [67]. Naive Bayes model can be 

used to cluster the data, and hence for 

classification. 

 

Figure 2: Practical Use of kNN. 

4.3. Support Vector Classifier 

Support vector machines, when used as 

classifiers, employ hyper plane approach for 

achieving their purpose [68]. The hyper 

planes are selected to maximize the margin 

for the given data. The maximization is 

needed to separate the given classes as apart 

as possible. A simple support vector classifier 

for a two-class problem is shown in Fig. 3. 

The vectors of the closest data points to the 

hyper plane are called the support vectors 

[69].  

 

Figure 3: Simple Support Vector Classifier 

For A Two-Class Problem. 

4.4. Decision Tree Classifier 

The idea in a decision tree is to ask successive 

questions and form branches and sub 

branches to answer them. When no more 

questions can be asked, sub branching stops. 

The point at which no more sub branches are 

possible is called a leaf node (Fig. 4). The 

first question at which tree formation starts is 

called the root [70]. A decision tree classifier 

can easily over fit because it only learns 

through a single path and the accuracy 

decreases on a new sample. 

 

Figure 4: Simple Decision Tree Classifier. 

 

 

margin 

support 

vectors 
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4.5. Random forest classifier 

Leo Breiman described a random forest 

classifier as a collection of tree-structured 

classifiers. Each of these classifiers is treated 

as an independent and identically distributed 

random vector. Although variations are 

possible, the most popular class is where each 

tree has a single vote, as shown in Fig. 5 [71]. 

 

Figure 5: Random Forest Classifier. 

4.6. Gradient boosting classifier 

A gradient boosting classifier starts from the 

steepest descent algorithm but forms tree 

structures to create better classifications, 

using the concept of boosting [72]. The basic 

idea is illustrated in Fig. 6. 

 

Figure 6: Gradient Boosting Classifier. 

4.7. The Proposed Method 

The proposed method uses a random forest 

classifier to select the features to be used by 

the machine learning algorithm to be applied 

later. Once the features are determined, a 

gradient boosting algorithm is used for 

classification. The classification algorithm is 

used to predict the sustainability indices of 

the companies whose data were not 

introduced to the algorithm during the 

training process. The pipeline of the proposed 

method is shown in Fig. 7. 

 

Figure 7: Pipeline For The Proposed 

Method. 

4.7.1. Performance criteria 

A number of classical and modern machine 

learning algorithms are used for prediction. 

Their performance is compared on the basis 

of training and test accuracy, precision, recall 

and F1 scores. 

For binary classification, as in this work, the 

performance metrics are calculated using the 

confusion matrix given in Table 2. 

Table 2: Confusion Matrix Of A Binary 

Classification Problem. 

A
c
tu

a
l 

Predicted 

 Positive Negative 

Positive 
True Positive:  

TP 

False Negative:  

FN 

Negative 
False Positive:  

FP 

True Negative:  

TN 

Using the confusion matrix, a series of 

performance metrics can be defined [68]. For 

example, accuracy (acc) is a common metric 

and is defined by Eq. 5: 

𝑎𝑐𝑐 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝐹𝑁+𝐹𝑃+𝑇𝑁
        (5) 
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Another metric that can be defined using the 

confusion matrix is the precision (Eq. 6): 

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
         (6) 

Also, recall can be derived from the 

confusion matrix and is defined by Eq. 7: 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
         (7) 

F1-score can be obtained from precision and 

recall using their harmonic mean. The 

definition is given by Eq. 8: 

𝐹1 − 𝑠𝑐𝑜𝑟𝑒 =
2𝑇𝑃

2𝑇𝑃+𝐹𝑃+𝐹𝑁
        (8) 

In this work, accuracy, precision, recall and 

F1-score values for training and test are 

calculated and used for comparing the models 

obtained. 

 

5. EXPERIMENTAL RESULTS  

The simulations in this study are made using 

12th Gen Intel Core i7-12650H Processor at 

2.3 GHz with 16 GB of RAM and NVIDIA 

GeForce RTX 3060. The programming 

language is Python. 

Tha data is cleaned and augmented using 

column-wise random shuffling method. The 

data file has 911 rows of data. The columns 

contain profit, roa, roe, ros, size, lvg and 

sustainability data. To give an idea about the 

content of data, the first five rows of the file 

are shown in Table 3. The statistical 

properties of the variables in the file are as 

calculated and shown in Table 4. 

The dataset is almost balanced as can be seen 

from Fig. 8. There are 452 unsustainable and 

459 sustainable companies. 

Table 3: The First Five Rows Of The Data File Used In Experiments. 

nr profit roa roe ros size lvg sustainability 

0 1 0.1562 0.2165 0.1774 21.1948 0.3864 0 

1 1 0.1660 0.2357 0.1927 21.2569 0.4202 0 

2 1 0.1557 0.2167 0.1774 21.1948 0.9507 0 

3 1 0.0832 0.0951 0.0411 21.9769 1.0147 0 

4 1 0.1557 0.2338 0.0980 21.6119 0.4202 0 

Table 4: The Statistical Properties Of The Variables In The Dataset. 

 count mean std min 25% 50% 75% max 

profit 911 0.8342 0.3721 0.0 1.0 1.0 1.0 1.0 

roa 911 0.0547 0.0775 -0.2728 0.0181 0.0580 0.0998 0.3071 

roe 911 0.0688 1.4762 -18.9341 0.0561 0.1521 0.2559 11.1163 

ros 911 0.0570 0.1247 -0.7024 0.0115 0.0572 0.1093 0.5251 

size 911 22.6309 1.3082 18.9284 21.7194 22.5133 23.7155 26.5917 

lvg 911 2.9062 32.2149 -213.4637 0.9011 1.7677 3.0011 458.5816 

sustainability 911 0.5038 0.5003 0.0 0.0 1.0 1.0 1.0 
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Figure 8: Distribution Of Classes In The Dataset. 
 

5.1. The selection of features using 

machine learning 

The comparison of attribute importance using 

random forest classifier is shown in Fig. 9. 

The maximum depth of the random forest 

classifier used in the attribute importance 

comparison is 100. It is clear from Fig. 9 that 

the attribute "profit" should not be used as a 

feature because it has the lowest importance 

of all. The remaining attributes have very 

close importance levels and they are used as 

features to determine the sustainability index. 

 

Figure 9: Attribute Importance Rating Of 

The Dataset Using Random Forest 

Classifier. 

To predict the sustainability indices of the 

companies in the BIST100, data is manually 

collected from the companies' websites. 

Since this data is only available for the last 

few years, the data set is very small. The 

modern algorithms, especially the deep 

algorithms, need a large amount of data for 

prediction. Therefore, in this study, a data 

augmentation technique, namely column-

wise random shuffling, has been used to 

increase the size of the data. The total size is 

911 rows, where the sustainability index is 

zero for 452 rows of data and one for 459 

rows of data. 

To predict the sustainability index for the 

dataset, 98% of the data is used for training 

and 2% for testing. Most of the data is used 

for training simply because deep models have 

many parameters to determine and these 

parameters can be defined using a lot of data. 

The results are shown in Table 5 in ascending 

order as far as the test accuracy, precision, 
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recall and F1 score values are concerned. The 

same order is observed for training, except 

for the fourth and fifth rows. It is clear from 

Table 4 that the best results are obtained 

using the gradient boosting classifier (GBC). 

For example, the test accuracy is 12.50% 

better than its closest competitor, the k 

nearest neighbor classifier (kNN). On the 

other hand, the worst accuracy is obtained by 

a classical algorithm, namely naive Bayes 

classifier (NBC). A comparison of GBC and 

NBC shows that GBC has a 62.66% higher 

test accuracy. 

Although the test accuracies of the decision 

tree classifier (DTC) and the random forest 

classifier (RFC) are the same, the training 

accuracy of the random forest classifier 

(RFC) is better. The same discrepancy is 

observed for precision, recall and F1 score in 

training, while the opposite is true for test 

values. The test scores of k nearest neighbor 

(kNN) classifier are better than both DTC and 

RFC, although the training scores of kNN 

may be a little worse than RFC. Test 

performance is given a higher priority in this 

work. 

All models obtained in this work are 

optimized by grid search in simulation. The 

support vector classifier uses a radial basis 

function. The nearest neighbor classifier uses 

3 neighbors for classification. The decision 

tree and random forest classifiers use a 

maximum depth of 5. The gradient boosting 

classifier uses 100 estimators with a 

maximum depth of 5. 

Table 5: Simulation Results For Various Classifiers For The Given Dataset. 

Method train acc test acc prec_train prec_test recall_train recall_test f1_train f1_test 

NBC 57.06 57.89 0.6464 0.6146 0.5682 0.5611 0.5030 0.5128 

SVC 63.12 73.68 0.6497 0.7386 0.6300 0.7333 0.6181 0.7339 

DTC 78.92 78.95 0.7962 0.8036 0.7887 0.7833 0.7878 0.7841 

RFC 84.87 78.95 0.8492 0.8036 0.8485 0.7833 0.8486 0.7841 

kNN 83.97 84.21 0.8416 0.8846 0.8394 0.8333 0.8394 0.8348 

GBC 99.89 94.74 0.9989 0.9545 0.9989 0.9444 0.9989 0.9468 

To examine the performance of the GBC in 

more detail, the confusion matrices in 

training and test are drawn. The results are 

shown as percentages. In Fig. 10, it is seen 

that in training phase none of the 

sustainability “1” data is classified 

incorrectly, whereas 0.11% of all the data are 

classified incorrectly as sustainability “1”. 
 

Figure 10: GBC Training Confusion Matrix. 

Values Are Shown In Per Cent. 
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On the other hand, the test confusion matrix 

shows more error. Unsustainable data are 

classified correctly except for 5.26% of all 

data. Sustainable data is correctly classified 

(Fig. 11). 

 

Figure 11: 10 GBC Test Confusion Matrix. 

Values Are Shown In Per Cent. 

The number of (in)correctly classified test 

data is shown in Fig. 12. Eight of the nine 

'unsustainable' data are correctly classified, 

while all ten 'sustainable' data are correctly 

classified. 

8 1 

0 10 

Figure 12: Confusion Matrix Of Test Data 

For GBC. 

Test accuracy, macro and weighted averages 

of precision, recall and F1-score values are 

shown in Fig. 13. It can be seen that the 

precision value of the unsustainable data is 

better than the sustainable data, but the recall 

and F1-score values are better for the 

sustainable data. 

 

 precision recall f1-score support 

0 1.00 0.89 0.94 9 

1 0.91 1.00 0.95 10 

accuracy   0.95 19 

macro ave 0.95 0.94 0.95 19 

weighted 

ave 
0.95 0.95 0.95 19 

Figure 13: Classification Of Test Data For 

GBC. 

Since the errors are within acceptable limits, 

the proposed combination of random forest 

classifier for feature selection and gradient 

boosting classifier for prediction of 

sustainability indices for BIST100 

companies gives successful results. 

6. CONCLUSION  

Companies publish reports containing 

primarily economic data to facilitate the flow 

of information to their stakeholders. World 

developments have shown that economic 

reporting alone cannot ensure the continuity 

of this flow. Companies have begun to reflect 

their sensitivity to participate in sustainability 

activities, as well as their accountability and 

transparency to their stakeholders, by 

preparing reports on their positive social and 

environmental policies. According to the 

literature, the basic elements of circular 

economy are at an extremely high level in 

these reports [37]. Despite all the advantages, 

the preparation of a SR is not required by any 

legal regulation in Turkey. As a result, the 

factors that influence whether companies 

publish SRs or not have become a focus of 

research. In recent years, attention has been 

drawn to the relationship between SR and FP. 
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Over time, stock market indices have been 

established, first in the capital markets of 

developed countries, where companies are 

classified into a specific sustainability 

category. Since 2014, XUSRD has been 

conducting assessments in Turkey for this 

specific purpose. Companies' participation in 

the circular economy encompasses various 

benefits, such as enhancing reputation, 

improving corporate image, increasing 

revenues, increasing profit margins, reducing 

costs, and promoting employee motivation, 

among others. There are potentially 

numerous factors that could be considered. 

For the purposes of this framework, the 

sample group of the study has been identified 

as XUSRD. 

This relationship in the XUSRD sample has 

been discussed using statistical methods from 

the literature. The study by Vitezic, Vuko, 

and Mörec [59], which examined the 

relationship between SR and FP using a 

logistic regression analysis, is noteworthy. 

This study was conducted in Croatia using 

data from 2002 to 2010. ROA, ROE and firm 

size were used as FP indicators. According to 

the data from Croatian companies, all three 

variables are effective in the publication of 

SR. In their study using 2014-2021 data, 

Dağıstanlı and Çelik [60] found that the 

profitability variables had no significant 

effect, while the size variable did. The studies 

had classification rates of %80 and %84, 

respectively. 

In this study, contrary to the Turkish Stock 

Exchange literature, machine learning 

techniques were used for the first time to 

predict firms' participation in XUSRD using 

FP data. Company/year data were collected 

from the reports of 44 companies in XUSRD, 

which were studied between 2014 and 2021. 

The data shortage problem, which is a 

limitation of machine learning-based 

predictive modeling in the financial market, 

was overcome using column-by-column 

randomization, which is a simple and 

powerful data augmentation method. The 

proposed method in this paper is a 

combination of random forest and gradient 

boosting, and is compared with five other 

machine learning methods, namely, k-nearest 

neighbor, random forest, decision tree, 

support vector, naive Bayes classifier. The 

proposed method achieved a test accuracy of 

94.74%, while the test accuracy of its closest 

rival, namely k-nearest neighbor, reached 

84.21%. As a result, the SR-FP relationship 

has been discussed for the first time with 

machine learning techniques, unlike the 

methods used so far. The obtained results 

show that the method applied in the data 

collection is well suited.  

Considering the capital market regulations of 

developed countries, the SR issuance policy 

in Turkey is expected to be subject to various 

regulations. In this way, published reports 

and cyclical economic data, TBL records and 

financial data will be made available to 
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investors in a transparent manner. Forecasts 

made and to be made in the literature with 

statistical and machine learning-based 

methods will become much more meaningful 

in the future. 

The analysis in this study has some 

limitations, and future research may be 

conducted on other aspects of the topic. The 

study used accounting-based measures to 

analyze the profitability data of the 

companies in the XUSRD. Market-based 

ratios, which are partially objectively 

evaluated, as seen in some studies in the 

literature, can be added to the independent 

variables. In addition, variables related to the 

corporate governance structure (number of 

supervisory and board members, male/female 

ratio of board members, etc.), as observed in 

some studies in the literature, can be included 

in the scope of research on the attitude 

towards the publication of SR. To understand 

the extreme changes of profitability variables 

in Turkey and some technical details, 

profitability variables of different countries 

can be compared with XUSRD companies. 
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