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Abstract

Over the past few decades, scholars have employed a wide range of methodologies to determine
the factors influencing firms’ voluntary carbon disclosure. Most of these studies have been con-
ducted in advanced markets. This article aims to examine the trend of voluntary carbon disclosure
in the Korean financial market by utilizing machine learning models such as Random Forest and
Gradient Boosted Decision Tree. Based on a set of hand-collected carbon disclosure data, we ini-
tially demonstrated significantly better performance of machine learning models compared to the
traditional logistic model. Regarding the factors influencing disclosure, we consistently find the
importance of environmental scores, emphasizing the role of the emerging mega-trend of ESG
management practices in disclosure decisions. However; in contrast to recent studies, we do
not find that the unique Korean governance structure, chaebol, has any significantly different impli-
cations in terms of prediction performance and variable importance in carbon disclosure
decisions.
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Introduction

To implement effective Environmental Social Governance (ESG) management practices,
an increasing number of firms nowadays disclose their carbon emissions in an effort to
comply with global standards. For example, international organizations such as the
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Carbon Disclosure Project (CDP) and the Global Reporting Initiative have encouraged
firms to disclose their environmental information, thereby enhancing transparency.
These companies voluntarily disclose and report their carbon emission levels to national
governments and international agencies, detailing their efforts to promote sustainability
in business.'™

In recent years, there has been a considerable amount of research on corporations’ vol-
untary tendency to disclose carbon emissions at both international and regional levels.*”’
However, while an increasing number of firms from emerging countries are engaging in
carbon disclosure practices,™® the majority of studies have focused on highly developed
countries, relying exclusively on traditional logistic regression models to predict disclos-
ure tendencies.

This article aims to address the aforementioned limitations in the existing literature. To
achieve this, we first compare the performance of machine learning models with the trad-
itional logit model in explaining the decision-making process behind voluntary carbon
disclosure. Traditional linear models may have limited explanatory power for the disclos-
ure decision because it is a voluntary choice, not a mandatory one. Such voluntary deci-
sions inherently involve more complex managerial considerations. Next, we determine
the factors influencing carbon disclosure decisions by analyzing the importance of
each variable in machine learning models. Particularly, if machine learning models dem-
onstrate superior performance, the conclusions drawn from previous research on volun-
tary disclosure, largely reliant on logit models, may need to be reconsidered.

To overcome regional limitations present in existing studies, we conduct these empir-
ical analyses within the context of the Korean financial markets. The choice of this market
is deliberate for several reasons. The Korean market is unique as it has transitioned from a
developing market to an advanced market. Similar to other advanced markets, the Korean
market offers an extensive dataset, including reliable ESG performance scores. Having
access to a wide range of datasets is essential for applying machine learning algorithms.
Furthermore, the Korean market is suitable for observing the impact of firm heterogeneity
on determining ESG policies, especially concerning corporate governance structure.
Recent studies on corporate environmental policies, including carbon disclosure,>'°
underscore the significance of governance structure in shaping distinct ESG policies.

Our work yields several noteworthy results. First, we demonstrate that machine learn-
ing algorithms, including Random Forest (RF, hereafter) and Gradient Boosted Decision
Tree (GBDT, hereafter) models, exhibit significantly better performance in identifying
firms’ carbon disclosure tendencies. Interestingly, the traditional logit model fails to
accurately predict any instances of carbon disclosure in our test sample. Second, our
results emphasize environmental performance as one of the most crucial factors in a
firm’s decision to disclose its carbon emissions. Variables related to firm size also
prove their significance in determining voluntary carbon disclosure. Finally, we find
no significant differences in the determinants of carbon disclosure decisions between
chaebol and non-chaebol affiliates. Factors such as size, profitability, and environmental
performance remain important regardless of corporate governance structures.

In particular, we deviate from previous research®>®!'! by exclusively employing
machine learning methodologies to predict firms’ tendencies to disclose carbon emissions
and to identify the factors influencing this disclosure. We incorporate unique firm
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characteristics, such as affiliation with chaebol, into our analysis, which may influence
corporate policies related to carbon disclosure. Consequently, our analysis not only
demonstrates the superior performance of machine learning methodologies but also suc-
cessfully considers firm heterogeneity—both chaebol and non-chaebol—which is dis-
tinctive in the Korean capital market.

This article contributes to the literature in several ways. Firstly, we directly showcase
the superior performance of machine learning models in explaining carbon disclosure
decisions. While a majority of existing studies rely on traditional logit models,>® we
strongly advocate for the potential role of machine learning models in analyzing disclos-
ure determination. Additionally, we underscore the significance of environmental per-
formance in the decision-making process of carbon disclosure. This implies that the
recent trend of ESG management, including the management of environmental factors
as key drivers of carbon disclosure decisions, contrasts with approaches focusing
solely on economic efficiencies, such as carbon intensities.

Finally, our findings indicate a rather homogenous structure in carbon disclosure deci-
sions across chaebol and non-chaebol affiliates, unlike recent studies on Korean ESG
policies. For instance, Yoon et al. (2018) find a stronger valuation effect of ESG perform-
ance within the group of chaebol affiliates.” Yoon et al. (2021) also show that higher ESG
performance limits tax avoidance in the group of chaebol affiliates.'® However, our
results emphasize the lack of significant differences in economic determinants influen-
cing voluntary carbon disclosure between the two groups.

The remainder of our paper is structured as follows. The second section provides the
literature background on carbon disclosure and machine learning algorithms. The third
section introduces our data construction and the methodology of machine learning and
traditional regression models. The fourth section presents the results of the data analysis.
Finally, the fifth section concludes.

Literature review
Firm’s tendency to carbon disclosure

Traditionally, a firm’s inclination toward voluntary carbon disclosure is closely linked to
stakeholder theory in management. It is believed that the resources of various stake-
holders form the foundation of firm development, and firm management should meet
the needs and expectations of stakeholders in business activities.'> However, in the
wake of climate change, the disclosure of carbon emission information has become a
significant concern for energy conservation and environmental protection. It is believed
that the quality of carbon information disclosure is positively related to institutional
expectations. >4

Recently, ESG practices themselves have been highlighted as important factors in the
decision-making process for carbon emission disclosure. ESG management has become a
major trend in managerial practice, especially after the emergence of ESG investments as
effective tools for asset allocation.’ Firms adopting ESG management practices may vol-
untarily disclose carbon emission information because such disclosure is considered the
first step in addressing climate change, a key aspect of ESG practices.’
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Empirical studies on carbon emissions often utilize data from the CDP. The CDP is a
nonprofit institution that collects global data on firms’ carbon disclosure. Specifically,
third-party disclosure approaches like firms’ CDP reporting minimize firm-specific
biases and enhance the quality of disclosed information.'”> In fact, CDP reports are
believed to provide more comprehensive and comparative information than individual
firms’ carbon disclosure reports typically do,'®™'® as the comparability of carbon emis-
sion information from individual firm reports is weak. For instance, after analyzing 19
Canadian firms between 2004 and 2015, Wegener et al. (2019) found that carbon data
information revealed by different institutions was disconnected, resulting in a lack of
comparability in the entire dataset.'® Moreover, Depoers et al. (2016) examined 140
French-listed firms and found that greenhouse gas emission information disclosed in
firm annual reports was lower than that in CDP reports.””

As such, previous studies utilize carbon disclosure data collected through CDP reports
as the main variable to investigate the effect of firms’ characteristics on their tendency to
disclose carbon emissions.”" In particular, existing studies highlight the positive rela-
tionship between a firm’s disclosure of carbon emission information and its shareholder
value at both international and regional levels. For instance, using CDP data from the
United States, Brazil, Russia, India, and China, Yan et al. (2021) argue for the positive
valuation effect of carbon disclosure.?' They also demonstrate that this positive relation-
ship is more significant in developing countries.

A growing number of studies emphasize the positive relationship between firms’
environmental performance and their willingness to voluntarily disclose carbon informa-
tion. Based on the analysis of CDP data from Global 500 firms between 2008 and 2011,
Guenther et al. (2016) state that firms’ carbon emission performance is positively related
to the level of carbon emissions disclosure.?? Dawkins et al. (2011) demonstrate a posi-
tive relationship between environmental performance and the disclosure of climate
change by analyzing the U.S. financial market.*®

Another line of empirical studies highlights the relationship between firm size, profit-
ability, and voluntary carbon disclosure. For example, after analyzing annual reports of
37 listed firms in Indonesia, Faisal et al. (2018) conclude that large size, high profitability,
and low leverage ratio of firms are positively associated with voluntary carbon emission
disclosure.** Stanny and Ely (2008) analyzed 494 firms participating in CDP in 2007 and
pointed out that firms with large size, new assets, and a history of carbon disclosure are
more willing to disclose carbon emissions.'®

Machine learning prediction

Existing studies commonly rely on traditional logistic regression models in the analysis of
voluntary carbon disclosure.>”"'32!*3 This is because logistic models provide statistics
for hypothesis testing purposes. In fact, these studies generally attempt to test existing
theories related to voluntary carbon disclosure based on such statistics, often at the
expense of adopting alternative models with superior explanatory power.

Recently, the use of machine learning techniques to analyze management trends has
become widespread. For instance, various machine learning methodologies are applied
to credit rating,26’27 firm bankruptcy,?®2° and optimal capital structure.’® These studies
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aim to enhance the predictive power of models and provide new insights into a wide
range of research topics.

However, only a few studies on carbon disclosure have employed machine learning
methodologies. Harker et al. (2022) examined 839 listed firms in Australia and used
machine learning techniques to extract climate risks and risk management strategies iden-
tified by each firm.>' Their results revealed that the most serious risk identified by
Australian firms is physical climate risk, followed by market and regulatory risks.
Quyen et al. (2021) employed various machine learning algorithms, such as multilayer
perception neural networks, RF, and extreme gradient boosting, to explain the predictive
power of carbon emissions patterns.’* They found that prediction accuracy improved by
incorporating features such as energy production and disclosures of firms in specific
regions and sectors.

Korean market and firms’ carbon disclosure

The Korean government has introduced various measures to counter the risk of carbon
emissions, including the promotion of eco-friendly vehicles and the implementation of
the Emissions Trading Scheme. In line with these efforts, numerous firms have taken
various measures, including carbon disclosure, to address demands from external stake-
holders. Particularly, an increasing number of Korean firms report their carbon emissions
levels through CDP reports.

Several studies in the Korean market use CDP reports to determine whether firms dis-
close their carbon emissions. For example, using CDP data, Lee and Cho (2021) in Korea
found that Korean firms with higher environmental performance are likely to voluntarily
disclose their carbon emissions.” They also emphasize the importance of firm heterogen-
eity, such as corporate governance structure, in the decision-making process for voluntary
disclosure. Choi and Noh (2016) in Korea observed a higher firm value and a better credit
rating for firms voluntarily disclosing carbon information based on their hand-collected
data on carbon disclosure.'’

Data construction and methodologies
Data construction

CDP annually selects 250 Korean firms based on market capitalization and requests their
annual carbon emission data (scopes 1, 2, and 3). From the report, we manually collect
carbon emission data for each year to determine whether a firm discloses its carbon emis-
sions voluntarily or not. The emission information in the report is left unmarked if a firm
decides not to reveal the degree of carbon emission. We then exclude companies belong-
ing to the financial or insurance industries from the sample analysis due to the distinctive
nature of their business.

The sample period of our analysis spans from 2013 to 2020, reflecting the data avail-
ability of environmental score, one of our key variables of interest. We utilize the ESG
score published by Sustinvest, the second-largest ESG rating company in the Korean
financial market. Financial and macroeconomic variables are obtained from FnGuide, a
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financial data-providing institution in Korea, and the Bank of Korea, respectively. To cat-
egorize firms into chaebol and non-chaebol affiliations, we employ the list of chaebol
affiliates offered by the Korean Fair Trade Commission.

Figure 1 presents the results of voluntary disclosures over the sample period. After the
exclusion process, the proportion of firms choosing to voluntarily disclose their carbon
emissions between 2013 and 2020 is 109 out of 1355 (8.0%). The sample of voluntary dis-
closure is divided into 96 for chaebols and 13 for non-chaebol firms. Interestingly, chaebol
affiliates are more likely to disclose their carbon emission information. In fact, the propor-
tion of carbon emission disclosure is 30.6% (96 out of 314) for chaebol affiliates, which is
significantly higher than that of non-chaebol affiliates at 1.2% (13 out of 1041).

To construct the features for our machine learning methodologies, we primarily follow
the approach of Amini et al. (2021),>° which suggests a wide range of firm-specific and
macroeconomic variables to explain corporate policies. Specifically, we employ the fol-
lowing firm-specific and financial variables: Profitability (Profif), Firm Size (Assets),
Market-to-Book ratio (Mktbk), Assets Growth (ChgAsset), Physical Investment
(Capex), Assets Tangibility (Tang), Innovation Investment (RD), Nonproduction cost
(SGA), Top Tax Rate (Taxrate), Depreciation (Depr), Stock Variance (StockVar),
Bankruptcy Probability (Zscore), Logarithm of annual firm sales less capital expenditure
(Macroprof), and Market Returns (CrspRet). Four classes of leverage variables such as
TDM, TDA, LDM, and LDA are introduced based on the combinational use of total/
long-term debt as the numerator and market/book value as the denominator. To control
for industry effects, we include Industry Leverage (Industlev), Industry Growth
(Industrgr), and Net Payout (Netpay). Lastly, to consider macroeconomic factors in
our analysis, we add Term Spread, which is the difference between the returns of
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Figure |. Tendency of carbon disclosure for all firms, chaebols, and non-chaebols.
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Table I. Variable definitions.

Variables

Description

Environment score (Env)

Logarithm of Total Asset (LogTA)

Return on Asset (ROA)

Total Leverage (Leverage)
Adveritsing Expense (AdvExp)
Market Value of Equity (MVE)

Market Value of Assets(MVA)

Leverage (TDM)

Leverage (TDA)

Leverage (LDM)

Leverage (LDA)
Profitability (Profit)

Firm Size (Assets)
Market-to-Book (Mktbk)
Assets Growth (ChgAsset)
Physical Investment (Capex)
Assets Tangibility (Tang)
Innovation Investment (RD)
Nonproduction cost (SGA)
Cash Holdings (Cash)

Top Tax Rate (Taxrate)
Depreciation (Depr)

Stock Variance (StockVar)

Bankruptcy Probability(Zscore)
Annual stock return change(Stock)

Market Returns (CrspRet)
Industry Leverage (Industlev)
Industry Growth (industgr)
Term Spread (Termsprd)

Inflation

Logarithm of annual firm sales less capital

expenditure (Macroprof)
Growth in GDP(Macrogr)
Net Payout (Netpay)

Environment score

Natural Logarithm of Total Asset

Firms’ Earning/Total Asset

Total Debt/Total Equity

Advertising Expenses/Total Assets

The stock’s close price in fiscal year times common
shares outstanding

Debt in current liability, plus long-term debt, plus
preferred stock liquidating value, minus deferred
tax + MVE

(Debt in current liabilities plus long-term debt)/MVA

(Debt in current liabilities, plus long-term debt)/total asset

Long-term debt/MVA

Long-term debt/total assets

Operating income before depreciation/total asset

The logarithm of total asset

Market value of assets/total asset

Change in the logarithm of total asset

Capital expenditure/total asset

Net property, plant and equipment/total assets

R&D expenses/total sales

Selling, general and administrative expenses/total sales

Cash and short-term investments/total asset

The top corporate tax rate

Depreciation and amortization/total assets

The annual variance of daily stock returns

Altman’s Z-score

Change in annual stock return

Cumulative annual market returns using monthly raw
returns

The median value of firm leverage (TDM)

The median value of assets growth (ChgAsset)

The difference between 10-year bond returns and
|-year bond returns

Expected one-year change in the Consumer Price Index

Change in the logarithm of annual firm sales with inventory
valuation and capital consumption adjustments

Change in the logarithm of real GDP

(Cash dividends, plus purchase of common and
preferred stock, minus sale of common and
preferred stock)/total assets

For emerging countries including Korea, the calculation methodology for Z-score is calculated as follows

(Meeampol et al., 2014).33

Z =325+ 656X, + 3.26X; + 6.72X5 + 1.05X,

X, = (Current Asset — Current Debt) / Total Asset

X, = Current Profit/Total Assets
X3 = EBIT/Total Assets
X4 = Total Capital/Total Debt
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1-year bonds and 10-year bonds (Termsprd), Inflation (Inflation), and GDP Growth
(Macrogr) to both logistic and machine learning models. Table 1 presents detailed defini-
tions for each financial, firm-specific, and macroeconomic variable used in our empirical
analysis.

Methodologies
Logistic regression

The logistic regression model is commonly utilized in the literature on voluntary carbon
disclosure. This model is developed as a statistical analysis tool that models the probabil-
ity of an event taking place by making the log-odds for the event a linear combination of
independent variables. A single dependent variable coded as 0 and 1 in the model repre-
sents “no disclosure” and “disclosure” of carbon emission information, respectively. The
logistic function converts the log odds to probability using the estimated coefficients. To
be specific, the log odds ratio is defined as follows:

PX) >

6]

lOg Odds = lOg <1_7[)(}()

Then, logistic regression predicts the probability for the positive class P(y; = 1]X;) by
employing the logistic function:
1

P (Xi) = expit(Xiw + wo) = 1 + exp (—Xiw — wo) ¥

The loss for each data sample is calculated and then averaged to evaluate the adequacy of
the model. The cost function of the logistic model is:

min C ) (—yilog(p(X)) — (1 = y)log(l — p(X)) + r(w) 3)
i=1

To minimize it, the regularization term r(w) is introduced in the following analysis.

Random forest

Next, we introduce the RF model as the first machine learning algorithm model. RF is an
ensemble-based machine learning model which is capable of performing both classifica-
tion and regression. The RF is a variant of the decision tree model, a supervised machine
learning mechanism that builds upon a tree-splitting procedure in the classification. While
the decision tree is simple and intuitive in conducting classification tasks, the model is
widely known to derive overfitting problems in the training sample.

To enhance the performance of classification, RF adopts an ensemble learning scheme
based on the original decision tree model. The algorithm of RF adopts a general technique
of bootstrap aggregating, or bagging that conducts repeated random sampling with
replacement. To be specific, the bagging procedure constructs B times of bootstrapped
samples with size N from the training dataset. For each bootstrapped sample, RF
builds a new decision tree, conducts classification task, and obtain forecasts.
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Apart from the original bagging mechanism described above, RF employs another
type of bagging mechanism so-called “feature bagging.” Given the number of p features,
typically, ,/p features are randomly selected to build up for each decision tree. This
feature bagging procedure prohibits the generation of correlated decision trees that are
considered in the model.

Finally, the majority voting rule is applied to determine the final prediction of the RF
model. Each tree generates a different classification result, and by taking the majority vote
among this set of classifications, the RF model finalizes its predictions. In other words,
the hard voting result from each decision tree’s classification is chosen as the final clas-
sification result. In this way, RF feeds fresh data into a variety of decision trees.>*—°

In constructing Bagging estimates,>’ the following equation (4) illustrates the bagging
procedure, generating bootstrap samples by randomly drawing with replacements,
b=1, ..., B. In each of our bootstrap samples, the estimate §,(x) through minimizing
the loss function is given as:

N

. n 2
min } (7 — &) 4)
8p(x) =1
In this way, we put all of the estimated forecast g,(x), ..., gp(x) in order to make a final
Bagging estimate, as in the following equation (5):

1 B
JW =23 800 )
b=1

Gradient boosted decision trees

We employ another machine learning model, GBDT, which generalizes boosting to arbi-
trary differentiable loss functions.®® Similar to RF, GBDT is generally considered an
ensemble of decision tree models that are subject to substantial overfitting problems.
The GBDT algorithm can be easily understood in the context of the least square
method. In the least square method, the objective is to minimize the mean squared

n
error (MSE) of predictions, that is, Y (y; — )’7,-)2 / n, where y; is the true value and 3 is
i

the estimated value from a predictive model.

GBDT adopts M steps of the learning procedure. At each stage m, the algorithm incor-
porates a new estimator #,,(x;) to the estimate of mth stage F,,(x;) to improve the perform-
ance of predictors. GBDT fits #,, to the loss or the residual of prediction y; — F(x;). It can
be numerically shown that A, is proportional to the negative gradients of the MSE.
Accordingly, gradient boosting can be a specialized version of a gradient descent algo-
rithm. This logic can be generalized to any type of loss function used in classification
and ranking problems as well.

Specifically, when a training dataset D = {x;, y;}}’ is given, gradient boosting finds an
approximation g¢*"(x) in the function g8”*(x), which maps instances x to the output
values y, by minimizing the expected value of any given loss function, L(y, £%""(x)).
Thus, an estimate of g8”/(X) is the weighted sum of individual estimates of each tree,
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as in the equation (6):

00 = 25" () + il () ©)
where p,, is the weight of the mth function, which is %,,(x). The approximation is then
constructed iteratively. To be specific, a constant approximation of g¢¥"*(x) is obtained
as in the equation (7):

~gbm _ . - )
g6 () = arg min ;Lcy,, a) ™

In consideration of the aforementioned equations, the following model is expected to
minimize:

N
P hn00) = argmin y 2 Loy £33 5+ phx) ®)

Additionally, instead of solving the optimization issue, each 4, is a greedy step in a gra-
dient descent optimization for £8P Each model, h,,, is then trained on a new dataset,
which is D = {x;, rmi}?’: 1» where the pseudo-residuals, r,,;, are calculated by the follow-
ing equation (9):

. agbm
. [aL(y,, &) .

~ab
og*™" (x) Lg’”"(x)=g;ff’"’,(x>

The main advantage of gradient boosting is a unique approach of sequentially connect-
ing a large number of relatively shallow decision trees. This results in significantly
enhanced performance for each tree, as each decision tree accurately predicts specific
data points.

Empirical results

We first compared the prediction performance of machine learning models with that of
the traditional logistic regression (logit) model. Prediction performance was assessed
using several metrics. Firstly, we considered accuracy, defined as the ratio of correct pre-
dictions to all predictions made by a specific algorithm. Accuracy indicates the quality of
a machine learning model’s binary classification predictions and can be expressed as
follows:

Correct predictions TP + TN
Allpredictions ~ TP 4+ TN + FP 4+ FN

Accuracy = (10)
Here, true positive (TP), true negative (TN), false positive (FP), and false negative
(FN) represent the correctly predicted positive cases, correctly predicted negative
cases, incorrectly predicted positive cases, and incorrectly predicted negative cases,
respectively.

Precision, on the other hand, is defined as the ratio of true positives to the sum of true
positives and false positives. Precision measures the accuracy of positive predictions and
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can be calculated as follows (equation 11):

Truepositive TP
Positive predictions TP + TN

Precision = (11)
Recall is calculated as the ratio of true positives to the sum of true positives and false
negatives. It represents the proportion of actual positives that were correctly identified
and is commonly known as sensitivity or specificity.

True positive TP

Recall = = 12
eea Actual positives TP 4+ FN (12)

Finally, the F1-score, as shown in the following equation (13), combines recall and pre-
cision into a single metric ranging from O to 1.

Fl — score — 2 PI'CC.IS.IOII * recall (13)

Precision + recall

Table 2 presents the prediction performance of logistic models and machine learning
models. These performance measures were calculated using the testing sample, where
the training sample and the testing sample constituted 75% and 25% of the entire
sample, respectively. The logit model, RF, and GBDT models were applied to samples
of all firms, chaebols, and non-chaebols.

The table clearly shows that the logistic model lacks reliable predictive power for
firms’ voluntary carbon disclosure. This finding holds true for both chaebol and non-
chaebol affiliates. In fact, the logistic model records O for both precision and recall
rate, indicating its failure to accurately predict a firm’s carbon disclosure when it volun-
tarily discloses carbon emission information. Such low prediction performance raises sig-
nificant doubts about previous studies relying on traditional logistic regression methods.

In contrast, machine learning models demonstrate superior performance in predicting
voluntary carbon disclosure. For the RF model, the precision for voluntary disclosure
(class=1) is 0.95 for the entire firm’s sample and 0.88 for the chaebol affiliates
sample. GBDT also exhibits a similar pattern of prediction performances, with precision
for voluntary carbon disclosure being 1.00 for all firms and 0.95 for chaebol.

The superior performance of machine learning models might be closely related to the
aforementioned “voluntary” nature of carbon disclosure decisions. Unlike other disclo-
sures mandated by regulations, carbon disclosure is a voluntary decision that can be sig-
nificantly influenced by high-dimensional managerial considerations. The linear structure
of the logistic model may be too restrictive to capture such a complex mechanism.

Notably, the prediction accuracy is reported as 0.99 for both the logistic model and the
machine learning models in the case of non-chaebol. However, this similarity may not
demonstrate that the prediction performances are identical across the logit and machine
learning models. The dataset of non-chaebol, which mostly does not disclose their
carbon emissions, results in only four samples remaining in the testing sample. This limi-
tation hinders a comprehensive analysis of performance comparison.

Now we turn to examine the feature importance and permutation importance of the
logistic and the machine learning models. A higher value for these importance measures
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generally indicates a more significant role in the decision of voluntary disclosure. The
feature importance measure is usually provided by a class of decision tree models and
is defined as the mean decrease in impurity. This impurity, in terms of Gini, Log Loss,
or MSE, is calculated by the splitting criterion of the decision trees. The impurity-based
feature importance is significantly biased toward high cardinality features such as con-
tinuous variables. To address such problems, the permutation importance is defined as
the decrease in a model score if a single feature value is randomly changed. Unlike the
feature importance, permutation importance can be computed using either the training
set or testing set.

Figure 2 below presents the variable importance of all firms for the logistic regression
model, RF model, and GBDT. The results of the logistic regression model are reported in
panel A. The results for RF and GBDT are depicted in panels B and C, respectively.

Figure 2 highlights the importance of environmental performance in the decision of
voluntary carbon disclosure. Most importantly, the permutation importance in the
machine learning models indicates that a corporation’s environmental performance
(ENV) is the most crucial determinant in the decision of voluntary disclosure. Both RF
and GBDT rank environmental performance as the most significant factor.
Furthermore, the feature importance draws the same conclusion. Environmental perform-
ance ranks first in the logistic model and GBDT model, and it ranks second in the RF
model.

This finding emphasizes the significance of ESG practices in determining voluntary
disclosures. Before the 2010s, the major factor driving voluntary disclosure was consid-
ered to be the economic benefits and costs related to carbon intensity. However, in the
2010s, ESG management practices have emerged as key management objectives that cor-
porations seek to achieve, especially for large firms. The disclosure of carbon information
is generally seen as an initial step toward the adoption of ESG management practices.
Firms with strong ESG practices tend to exhibit higher environmental performance
with voluntary disclosure.

It is also noteworthy that other firm-specific factors related to firm size are shown to be
important in the decision of voluntary carbon disclosures. The logarithm of annual firm
sales less capital expenditure (Macroprof), the market value of assets (MVA), and the
market value of equity (MVE) are significant in both feature and permutation importance
across all examinations. These variables generally represent sales volume and the size of
book/market equity values, all of which are closely associated with the firm’s size. In
other words, large firms have a strong tendency to disclose carbon information voluntarily.

The significance of firm size is generally in line with the predictions of stakeholder
theory. Large firms tend to have a vast network of stakeholders and thus more strongly
need to meet the expectations of these stakeholders in their business activities. Carbon
information disclosure might be one of the important demands from stakeholders
under the rapidly growing trend of the green economy. Accordingly, large firms may dis-
close their carbon emissions voluntarily to satisfy the demand of stakeholders for a green
economy.

Figures 3 and 4 show the feature and permutation importance for chaebol and non-
chaebol affiliates, respectively. The importance of these variables is reported for the logis-
tic regression model, RF model, and GBDT. The results of the logistic regression model
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Figure 2. Variable importance: entire sample.
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Figure 3. Variable importance: chaebol affiliates.
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Figure 4. Variable importance: non-chaebol affiliates.
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are reported in panel A, while the results for RF and GBDT are described in panels B and
C, respectively.

The figures clearly show no significant differences in variable importance across the
groups of chaebol and non-chaebol affiliates. Specifically, the logarithm of annual firm
sales less capital expenditure (Macroprof), the MVE, and the MV A still show significance
in the determination of voluntary carbon disclosure. The role of environmental perform-
ance is robust across these two groups of firms as well, although its significance decreases
compared to the results of the entire sample analysis.

Such a finding is not well aligned with recent studies emphasizing the significant
heterogeneity in shaping corporate ESG policies. In contrast to studies finding differ-
ent valuation effects of ESG policies or carbon disclosure policies across chaebol and
non-chaebol affiliates in the Korean market,”” our results suggest no significant dif-
ferences in variable importance across these groups in the case of voluntary carbon
disclosure. This finding could be surprising because the tendency of voluntary disclo-
sures is shown to be quite distinctive across chaebol and non-chaebol affiliates;
chaebol affiliates are highly likely to disclose information on carbon emissions, as
shown in Figure 1.

Discussion

Our research presents various approaches to predicting a firm’s carbon disclosure per-
formance and variable importance by adopting machine learning and traditional logistic
models. Our results convey some important implications, which are built upon previous
literature on carbon information disclosure and firm-specific characteristics.'>!*3*~4!

First, our results align well with previous literature'*'* in that the transparent disclos-
ure of carbon information is positively related to the expectations of institutions. As
demonstrated in the prediction of a firm’s carbon disclosure, the superior performance
of the machine learning model, which considers managerial decisions in various dimen-
sions, may result from firms’ conformity to the needs of shareholders, creditors, and other
related groups.®

Second, our findings on the prediction of variable importance in carbon disclosure
suggest that machine learning models better capture the firm-specific factors that deter-
mine the voluntary tendency to disclose carbon information. Notably, our machine learn-
ing models not only capture environmental performance but also specific factors, such as
the size of the firm. These findings align well with previous research®*** indicating that
the disclosure of carbon information is positively related to firm size. In other words,
firms with a large size tend to make more extensive disclosures compared to firms
with a small size. This could further affect the credibility and extent of carbon information
that firms may be more willing to disclose to stakeholders in the future.*' In this sense, it
is plausible to argue that our machine learning models effectively capture the high-
dimensional characteristics of managerial discretion.

Our study has several limitations. First, although this study employs a variety of
machine learning models, we do not explore other machine learning models or deep
learning techniques. Second, our research does not consider the firm value aspects of
carbon emission disclosure.>® These aspects need to be addressed in future studies.
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Conclusion

Our analysis mainly confirms that the machine learning models, RF and GBDT, show
better performance over the traditional logit models in the disclosure decision of
carbon emissions. The traditional logit model is not able to predict any voluntary disclos-
ure correctly in the testing sample and all the performance measures including precision,
accuracy, recall rate, and F1-score show a superior performance of the machine learning
models. Furthermore, our results highlight the significance of environmental performance
in the decision of carbon disclosure while the results also show the importance of firm
size variables as well. However, we did not find any significantly different patterns
across the groups of chaebol and non-chaebol affiliates in both terms of prediction per-
formance and variable importance.

Our research is particularly important for the exclusive use of machine learning meth-
odologies in analyzing a firms’ tendency for carbon disclosure and firm factors in the
determination of the carbon disclosure tendency.
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