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Abstract 
This study proposes a hybrid framework for predicting firms’ difficulties in securing external financial re-
sources. Prior research has relied only on numerical indicators when forming judgments, but our approach 
also incorporates textual information that complements quantitative data to yield deeper insights into de-
cision making. We derive textual features from firms’ environmental, social and governance (ESG) re-
ports, which have become key drivers of corporate value and sources of competitive advantage. Because 
adopting these strategies requires resource expenditure, managers must identify which types of ESG 
disclosures contribute most to firm value. To this end, we employ a leave-one-out validation strategy that 
enables optimal resource allocation and prevents unnecessary waste. Our predictive model is built using 
random forest (RF) because of its high accuracy. We then use ant colony optimization (ACO) to extract 
the model’s decision logic as rules that are readable by human analysts and applicable across domains. 
These rules can guide managers in adjusting investment portfolios and reducing their risk exposure. 

 

Keywords: ESG, sustainability, financial constraint, knowledge extraction, decision-making 

 

1. Introduction 
In recent years, the global pandemic, ongoing 

regional conflicts and a series of tariff and sanc-

tions policies have undermined economic growth 

and eroded financial market momentum. This en-

vironment has increased uncertainty and volatility 

for firms and investors alike. Capital markets now 

face a range of risks that can undermine investor 

confidence and expand risk exposures. These chal-

lenges are compounded when information is une-

venly distributed between firms and their capital 

providers. Many firms depend heavily on external 

funding to support new projects and strategic in-

vestments. When such firms struggle to secure fi-

nancing, they are said to experience financial con-

straints. Financial constraints pose serious obsta-

cles to corporate sustainability and market stability. 

Although prior research has identified key drivers 

of this phenomenon, scholars have not reached 

consensus on a reliable rule for predicting which 

firms will encounter financing difficulties (Car-

reira & Silva, 2010). 

To date, many studies have used cash flow-

based measures as proxies for financial constraints. 

Others have combined several indicators into com-

posite indices, for example the Hadlock and Pierce 

index (PPI) or the Kaplan and Zingales index 

(KZI). These approaches concentrate primarily on 

links between firm performance and constraint risk, 

under the assumption that corporations with 

stronger performance are less likely to face 

financial constraints. This perspective can be ex-

plained through signaling theory. According to sig-

naling theory, corporations send credible signals to 

mitigate the obstacle caused by information asym-

metry – widely recognized as a key driver of finan-

cial constraints - in order to secure support from 

current and potential market participants (Fazzari 

et al., 2000; Karaman et al., 2020; Tu et al., 2024). 

In efforts to enhance operational transparency, 

accounting authorities have encouraged corpora-

tions to disclose additional information regarding 

business operations, pending lawsuits, risk man-

agement strategies, and social commitments. Such 

disclosures are predominately expressed in textual 

format, that can complement the hysteresis of 

purely numerical data. While textual information 

offers significant advantages, it also introduces 

challenges for decision-making. Specifically, ana-

lyzing large volumes of unstructured text is a non-

trivial task; even domain experts require consider-

able time and effort to process it effectively (Bao 

& Datta, 2014). Consequently, research that inte-

grates textual disclosures into financial constraint 

analysis remains limited, likely due to the method-

ological complexity of handling unstructured tex-

tual data.  

Monetary indicators alone may not equip in-

vestors to make well-informed choices (Ge et al. 

2024). Meanwhile, shifting international policies, 

persistent regional conflicts, the Russia-Ukraine 

war and tensions between the United States and 

China have heightened economic uncertainty. 
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These developments have intensified swings in 

capital markets and worsened information gaps be-

tween firms and investors. As a result, investors 

seek additional sources of insight to reduce their 

exposure to risk. Regulators and public agencies 

also look for reliable means to preserve market sta-

bility and enhance transparency. Environmental, 

social, and governance (ESG) reports, often pre-

sented as corporate social responsibility (CSR) dis-

closures, offer a rich source of non-monetary infor-

mation. Both current and potential investors can 

draw on these reports to refine their assessments 

and narrow information gaps (Wu & Hu, 2019). A 

growing body of evidence links strong perfor-

mance in these areas to improve financial out-

comes. Stakeholder theory provides a useful lens 

to explain this relationship. The theory posits that 

by addressing the needs of diverse stakeholders, 

corporations can generate multiple benefits, in-

cluding the development of social capital and re-

duction of conflicts, which is turn enhance invest-

ment efficiency (Freeman et al., 2010; Li et al., 

2025). For example, firms with robust environ-

mental social and governance (ESG) records ex-

hibit lower default risk (Boubaker et al., 2020), 

higher profitability (Luo & Bhattacharya, 2006), 

enhanced competitive advantage and more stable 

cash flows (Hasan & Habib, 2017), lower idiosyn-

cratic risk (Chen et al., 2018) and reduced stock 

market volatility (Jia et al., 2020). However, most 

studies treat environmental social and governance 

(ESG) as a single construct without examining its 

individual components. 

By consulting ESG-related word lists (Baier 

et al., 2020) and applying a term-matching ap-

proach (a text mining algorithm), the ESG report 

can be decomposed into three distinct dimensions: 

environment (E), social (S) and governance (G). 

This study further examines the influence of each 

dimension on corporate financial constraints, with 

the aim of guiding resource allocation to appropri-

ate areas and avoiding unnecessary waste. To re-

ceive comprehensive and robust outcomes, this 

study integrates both quantitative indicators and 

qualitative textual information into a random forest 

(RF) model for financial constraint forecasting. RF, 

an ensemble learning method designed to reduce 

the errors of single models, has demonstrated su-

perior forecasting quality and stronger generaliza-

tion capability. However, despite its predictive 

power, RF faces a critical limitation: lack of inter-

pretability. The decision-making logic within RF 

cannot be easily expressed in a human-readable 

format, that hinders its practical adoption by end-

users. To address this issue, ant colony optimiza-

tion (ACO) – a meta heuristic algorithm widely ap-

plied for feature selection and rule generation - has 

been incorporated. By joint leveraging RF and 

ACO, this study overcomes the black-box criticism 

of RF, offering interpretable insights into the 

decision-making process. The results provide prac-

tical implications for various stakeholders: manag-

ers can allocate resources toward the most influen-

tial ESG dimensions to mitigate financial con-

straint; market participants can adjust their invest-

ment portfolios to maximize returns under antici-

pated risk exposures; and policy makers can draw 

upon these findings to design policies that enhance 

market efficiency and foster industrial advance-

ment.  

The remainder of this paper is organized as 

follows. Section two describes the proposed deci-

sion architecture. Section three presents the empir-

ical findings. Section four offers concluding re-

marks and practical implications. 

2. Proposed Decision-making Framework 
Financial constraint exerts a substantial influ-

ence on corporate investment, economic develop-

ment, profitability and financial stability (Mertza-

nis, 2019). Harrison et al. (2004) identify con-

straint on financial resources as the primary obsta-

cle to corporate investment and long-term growth. 

In response, this study proposes an advanced fore-

casting framework that assists users in taking pre-

ventive measures before adverse conditions 

worsen (see Figure 1). The decision architecture 

comprises three components: essential feature se-

lection, predictive model development and 

knowledge extraction. Due to the severe damages 

caused by extreme weather events and global 

warning, ESG and sustainability awareness have 

been increasingly cultivated among stakeholders. 

Such stakeholders are willing to pay premiums for 

eco-friendly products, which not only enhance cor-

porate profit margins but also contribute to the pro-

tection of the natural environment. Consequently, 

ESG and sustainability practices have been widely 

recognized as both profit drivers and sources of 

competitive advantage. Conversely, corporations 

with poor ESG performance typically face high fi-

nancing costs, unstable earnings persistence, ele-

vated default risk, and weak profit margins. Thus, 

interpreting corporate ESG reports has become an 

urgent task.  

Unlike numerical disclosures, which are rela-

tively straightforward to comprehend, textual dis-

closures (such as financial reports, CSR reports, 

sustainability reports, and ESG reports) require 

greater time and effort for users to process and in-

terpret. With the development of information tech-

nology and the internet, numerous advanced natu-

ral language processing (NLP) techniques have 

been introduced to support knowledge discovery. 

For example, Li (2008) demonstrated that financial 

reports with poor readability often indicate weak 

operating performance; Bao and Datta (2014) ap-

plied topic modelling to identify and quantify risk 

topics within financial reports and to examine their 

relative influence; Jiang et al. (2022) extracted se-

mantic features for financial crisis prediction; Lin 
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et al. (2024) developed an advanced sentiment dic-

tionary to capture subtle nuances embedded in fi-

nancial narratives, thereby supporting more so-

phisticated decision-making; and Hsu (2025) com-

bined sentiment analysis with topic modelling to 

detect potential risks in accounting disclosures. 

Prior studies have demonstrated the effectiveness 

of textual disclosures and supported the infor-

mation access hypothesis regarding textual data.  

ESG reports represent another essential 

source for investors to understand how corpora-

tions respond to ESG-related issues and to evaluate 

their performance and achievements. However, 

prior studies have largely treated ESG as an aggre-

gate construct when examining its influence on fi-

nancial performance. From a managerial perspec-

tive, users are particularly interested in identifying 

which specific dimension of ESG contribute most 

to subsequent tasks (herein, financial constraints). 

To address this issue, this study consults ESG-re-

lated word lists and applies a term-matching ap-

proach to decompose ESG reports into three dis-

tinct dimensions. This decomposition enables de-

cision-makers to understand where resource allo-

cation will be most effective. In addition to ESG 

disclosures, financial statements provide critical 

quantitative insights. Ratio analysis reveals corpo-

rate liquidity, solvency, profitability and opera-

tional efficiency. Integrating ESG information (i.e., 

textual messages) with financial ratios (i.e., numer-

ical messages) yields a more comprehensive eval-

uation of a firm’s condition. 

In domains where users lack prior expertise, 

extensive data collection may introduce infor-

mation that is irrelevant or redundant and may in-

crease storage requirements, computational com-

plexity and the risk of degraded forecasting perfor-

mance (Chen et al., 2025). Feature selection tech-

niques address these issues by removing unin-

formative variables while preserving predictive ac-

curacy. Rough set theory (RST), introduced by 

Pawlak (1982), permits classification without prior 

assumptions and has proven effective for feature 

selection across diverse applications (Raza & 

Qamar 2017; Cekik & Uysal 2020; Chen & Zhu, 

2024). However, RST handles only categorical 

data, requiring discretization of numerical varia-

bles and resulting in potential information loss. To 

overcome this limitation, fuzzy rough set theory 

(FRST) integrates fuzzy sets (FS) to process nu-

merical data directly and to capture uncertainty 

more precisely (Hu et al., 2008). Its reliance on 

nearest samples, however, can be unstable in noisy 

data sets (Chen et al., 2025). To address this short-

coming, fuzzy neighborhood rough set theory 

(FNRST) replaces the single nearest sample with 

multiple neighbors to determine membership de-

grees across decision classes (Wang et al., 2016). 

This extension advances granular computing and is 

adopted here for feature selection. The stopping 

criteria is fuzzy dependency. The selected features 

are then input into a random forest (RF) model to 

forecast financial constraint. Developed by 

Breiman in 2001, RF is an ensemble learning 

method that constructs multiple decision trees and 

aggregates their predictions to improve accuracy. 

Compared with other artificial intelligence tech-

niques, RF can handle high dimensional data di-

rectly, requires minimal parameter tuning and of-

fers efficient training (Breiman, 2001). These ad-

vantages make RF an ideal choice for our forecast-

ing task. 

Model transparency is essential for user ac-

ceptance. Although high predictive performance is 

desirable, opaque models may face resistance from 

practitioners. RF are often criticized for their lack 

of interpretability. To address this concern, we em-

ploy a pedagogical method to extract “if-then” de-

cision rules from the model. Presenting these rules 

in a human-readable format enables managers to 

interpret the model logic, adjust their investment 

strategies and pursue profit optimization. 
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Figure 1: The Introduced Decision-making Framework 

3. Empirical Results 

3.1 The Data 

Substantial government support and policy 

incentives have enabled the Taiwanese economy to 

shift from labor-intensive to capital-intensive ac-

tivities. Within the capital-intensive sector, manu-

facturing plays a pivotal role, contributing thirty-

five percent of gross domestic product (GDP) and 

accounting for more than half of domestic equity 

market turnover. Fueled by rising demand for elec-

tronic devices, manufacturing has emerged as the 

primary engine of Taiwan’s industrial expansion. 

Accordingly, this study concentrates on the 

manufacturing industry over the period from 2022 

to 2024. 

3.2 The Dependent and Independent Variable 

Chien et al. (2023) demonstrated that finan-

cial constraints and credit risk are closely linked. 

On this basis, we adopt the independent variables 

commonly used in credit risk prediction to address 

the issue of financial constraints. Unlike prior re-

search that treats the ESG measure as a single con-

struct, this study disaggregates ESG disclosures 

into E, S and G dimensions in order to assess the 

distinct impact of each dimension on firms’ financ-

ing limitations. The complete list of independent 

variables appears in Table 1. 

Table 1: The Independent Variable 

Variable Description 

X1: CA/CL Current assets to current liabilities 

X2: TL/TE Total liability to total equity 

X3: NP/TA Net profit to total assets 

X4: S/TA Sales to total assets 

X5: EBIT/TA Earnings before interest and tax to total assets 

X6: FA/TA Fixed assets to total assets 

X7: CL/TA Current liability to total assets 

X8: EBIT/IE Earnings before interest and tax to interest expense 

X9: ROE Net income to total equity 

X10: E perspective Environmental measure 

X11: S perspective Social measure 

X12: G perspective Governance measure 

 

Before constructing the forecasting model, it 

is necessary to define the dependent variable that 

identifies financially constrained firms. Following 

Whited and Wu (2006), we employ the composite 

WW index, which has attracted considerable atten-

tion as a criterion for classifying firms according to 

their financial constraint status. The mathematical 

formulation of the WW index is provided in Eq. (1). 

ESG reports Financial reports 

E aspect S aspect G aspect Ratio analysis 

Essential feature identification by FNRST 

Essential feature sets 

Tentative RF 

Testing data Training data 

Reach stopping 

criteria? 
Parameter tuning 

Finalized RF 

Knowledge generation by ant colony optimization (ACO) 

Decision-makers 

No 

Yes 
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WW index = −0.091 ∗ CF − 0.062 ∗ DIVDUM +
0.021 ∗ LTD − 0.044 ∗ LNTA + 0.102 ∗
INDSG − 0.035 ∗ SG (1) 

where CF denotes the corporate’s cash flows, 

DIVDUM is a binary indicator equal to 1 if the cor-

porate distributes dividends and 0 otherwise; LTD 

denotes long-term debt to total assets; LNTA de-

notes the natural logarithm of total assets; INDSG 

denotes the sales growth rate of the three-digit in-

dustry to which the corporate belongs; SG denotes 

the corporate’s own sale growth rate. 

3.3 The Comparative Outcome 

Many studies evaluate model performance us-

ing a single metric such as error rate or accuracy, 

but relying on one indicator may not capture all 

dimensions of predictive quality. In this research, 

we employ two complementary criteria, called root 

mean square error (RMSE) and mean absolute per-

centage error (MAPE), to ensure a robust and reli-

able evaluation. Five-fold cross-validation (CV) is 

taken to eliminate the influence of over-fitting. We 

also assess the impact of essential feature identifi-

cation by comparing two experimental conditions: 

one in which feature selection is applied and one in 

which it is not. The selected features are X2: 

TL/TE, X3: NP/TA, X4: S/TA, X5: EBIT/TA, X11: 

S perspective and X12: G perspective. The empir-

ical results demonstrate that the model incorporat-

ing essential feature identification delivers the best 

performance according to both RMSE and MAPE 

(see Table 2).  

Table 2: The Comparative Results 

Based model: RF 

Mode 
With feature selection Without feature selection 

RMSE MAPE RMSE MAPE 

CV-1 0.583 157.12% 0.797 235.36% 

CV-2 0.601 135.08% 0.803 198.27% 

CV-3 0.557 160.43% 0.824 212.46% 

CV-4 0.613 145.68% 0.754 233.17% 

CV-5 0.524 155.17% 0.763 245.33% 

AVG. 0.576  150.70% 0.788  224.92% 

 

FNRST identified only two ESG dimensions 

for inclusion in the forecasting model. To assess 

the individual contribution of each dimension, we 

employed a leave-one-out approach. The results, 

presented in Table 3, indicate that the G 

perspective exerts the strongest effect on predict-

ing financial constraints. This outcome is con-

sistent with the findings of Wu et al. (2022) who 

indicated that the good corporate governance can 

dramatically eliminate the risk the corporate faced.  

Table 3: The Contribution of Each Variable to Forecasting Quality Improvement 

Based model: RF+FNRST (Leave-one-out strategy) 

RMSE MAPE 

S (Contribution) G (Contribution) S (Contribution) G (Contribution) 

8% 11% 6% 13% 

 

We enhance interpretability of the RF by em-

ploying a pedagogical strategy. Under this ap-

proach, the original dependent variable is replaced 

by the predictions generated by the RF. This “sur-

rogate” dataset is then used to train an inherently 

interpretable model. In this way, the interpretable 

model learns the patterns captured by the RF. 

Knowledge extraction is formulated as an optimi-

zation problem, for which we apply ACO. This 

meta-heuristic algorithm not only mitigates the 

opaque nature of the RF, but also produces decision 

rules in a format that analysts can readily interpret 

and apply across domains. Coverage and accuracy 

are two broadly adopted measures in rule-based 

classifiers. The former measures the proportion of 

the target class that a rule captures, the latter quan-

tifies the rule’s precision among the instances it co-

vers. The summation of coverage and accuracy 

(i.e., SAA) is taken to determine the optimal num-

ber of decision rules (see Figure 2). The extracted 

rule set and its performance are summarized in Ta-

ble 4. 
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Figure 2: Rule Performance Under Different Settings 

Table 4: The Decision Logics Derived from ACO 

Rule Description 

1 If the “X3: NP/TA is between 0.12~0.21”, and “X5: EBIT/TA is between 0.08 ~0.15”, then “non-financial 

constrained”. 

2 If the “X4: S/TA is between 0.31~0.48”, “X5: EBIT/TA is between 0.08 ~0.15” and “X12: G is between 

78~88”, then the status is “non-financial constrained”. 

3 If the “X5: EBIT/TA is between -0.12 ~0.03” and “X12: G is between 31~46”, then the status is “financial 

constrained”. 

4 If the “X2: TL/TE is between 0.31 and 0.48”, “X3: NP/TA is between 0.02~0.07”, then the status is “finan-

cial constrained”.  

 

4. Conclusions and Future Works 
In markets characterized by persistent con-

flicts, volatility and uncertainty, a firm’s ability to 

secure external financing for investment projects 

and operational needs is critical to its survival. Ac-

curate forecasting of impending financial con-

straint conditions allows decision makers to inter-

vene before circumstances deteriorate. In light of 

this, the current study presents a hybrid framework 

that combines feature selection using FNRST, pre-

dictive modeling via RF and knowledge extraction 

through ACO to identify firms at risk of financing 

shortfalls. Empirical evidence demonstrates that 

the model incorporating feature selection yields su-

perior forecast accuracy and lower data storage re-

quirements, corroborating past findings that fea-

ture selection enhances predictive performance 

and efficiency (Hsu, 2025). To assess the value of 

textual disclosures, namely ESG reports, we apply 

a leave-one-out validation strategy. Results indi-

cate that the inclusion of these textual variables 

significantly improves prediction outcomes, align-

ing with recent regulatory initiatives that encour-

age corporate disclosure of potential risks, litiga-

tion exposure and operational challenges to miti-

gate information asymmetry. Finally, to promote 

practitioner adoption, we translate the predictive 

logic into a human-eadable rule set. These insights 

can guide managers in formulating resilient strate-

gies for turbulent markets and support investors in 

making more efficient allocation decisions. 

This study is not without limitations. First, the 

classification of financial narratives into ESG cat-

egories is relied on human-constructed word lists, 

that may introduce subjective bias and lack 

statistical rigor. Second, the use of the FNRST for 

feature selection reflects a reliance on a single-

structure approach, that may restrict its ability to 

achieve optimal performance. Third, the rule gen-

eration procedure is confined to the ACO, that lim-

its the exploration of potentially more advanced or 

hybrid meta-heuristic techniques.  
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