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Abstract

Traditional financial distress early-warning models mostly rely on lagged structured finan-
cial indicators, which fail to capture the potential credit risks associated with the climate
transition of green enterprises. Taking A-share listed green companies from 2015 to 2024 as
research samples, this paper centers on the core research question of whether mandatory
climate narratives in annual reports can deliver incremental risk warning information
beyond accounting indicators. Based on textual data from annual reports, this study con-
structs a corporate climate resilience indicator by integrating word frequency statistics
and sentiment analysis. Two data-partitioning schemes (random sampling and time-series
extrapolation) are adopted to compare the predictive performance of four ensemble learn-
ing models. Extended tests are further conducted via SHAP values, partial dependence
plots, polynomial Logit regression, interaction effect regression and grouped regression.
The results indicate that the climate resilience indicator carries incremental information
supplementary to financial indicators and possesses predictive power for financial distress.
XGBoost demonstrates optimal adaptability to the hybrid feature framework, combining
financial data and climate textual features. The climate resilience indicator exerts synergistic
effects with financial variables and presents a non-linear statistical correlation with default
probability. This study verifies that climate narratives disclosed in annual reports can serve
as valid early-warning signals for credit risks. The conclusions provide empirical evidence
for financial risk control, corporate disclosure management and the formulation of climate
regulatory policies.

Keywords: green enterprises; climate resilience; annual report text; financial distress;
ensemble learning; risk early warning

1. Introduction

Green enterprises are critical drivers for China to achieve the strategic goals of “carbon
peaking and carbon neutrality”, and their sound development is directly linked to the
effectiveness of economic and social green transition and systemic financial stability. With
the further advancement of the “dual carbon” goals, the green industry has embraced
significant development opportunities, and the scale of financing instruments, such as
green credit and green debt, has continued to expand. However, green enterprises are
generally characterized by large investment scales, long project cycles and rapid techno-
logical iteration, leading to a more complex debt risk structure. By the end of 2024, the
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total accounts receivable of 228 A-share environmental protection listed companies reached
nearly 349.2 billion yuan, among which 48 companies had accounts receivable exceeding
their annual operating revenue. On the other hand, traditional energy-intensive enterprises
actively transforming into new energy sectors face “double high” risks of policy and car-
bon costs. Taking Taiwan Cement Group as an example, its traditional business is under
direct cost pressure from future carbon tax imposition, while its large-scale green transition
strategies, including developing energy storage and low-carbon building materials, have
generated considerable revenue but also brought sustained huge capital expenditures and
technological iteration risks. Existing studies have pointed out that an effective risk early-
warning mechanism is a prerequisite for preventing debt crises and ensuring sustainable
corporate financing [1]. Therefore, accurately predicting the financial distress risk of green
enterprises is not only an inherent requirement for their own stable operation but also a
crucial link in maintaining the stability of the green financial system and supporting the
smooth implementation of the “dual carbon” strategy.

Existing early-warning models are mainly constructed based on macroeconomic and
financial indicators, while the financing and operation activities of green enterprises are
directly exposed to multiple climate-related risks [2], such as policy adjustments, technolog-
ical iteration and market fluctuations. For instance, reforms of carbon pricing mechanisms,
substitution shocks from clean energy technologies, and operational disruptions caused by
extreme climate events may affect corporate cash flow and asset value, thereby transmitting
to debt-servicing capacity. Such risk transmission mechanisms pose substantial challenges
to traditional prediction models centered on historical financial data.

Existing studies have paid attention to the impact of climate risk on green enterprises,
such as analyzing its constraint on corporate leverage from the perspective of physical
risk exposure [3] or exploring risk differences among enterprises in the energy transition
through transition risk scoring [4]. In the energy sector, renewable energy enterprises are
relatively less affected by climate-related capital costs, and green enterprises’ supply chains
are less damaged by physical climate risks [5]. However, most existing studies focus on
external climate risk exposure and fail to fully characterize enterprises” inherent adaptability
and resilience, namely “climate resilience”. Climate resilience reflects enterprises’ proactive
ability to mitigate climate shocks and seize transition opportunities through strategic
adjustment, operational optimization and technological innovation, serving as a key non-
financial dimension affecting long-term financial robustness. In recent years, the maturity
of NLP and machine learning has made it technically feasible to quantify climate resilience
from corporate annual reports and other texts, creating a new research opportunity for
building more comprehensive default prediction models. Thus, this paper explores the
impact mechanism and predictive value of climate resilience on the financial distress risk
of green enterprises from the perspective of climate resilience.

Considering the sensitivity of green enterprises’ debt to climate risk and the forward-
looking nature of climate risk, constructing climate indicators related to climate risk from
corporate annual reports written by senior management is more beneficial for predicting
green enterprises’ financial distress [6]. From the perspective of the green enterprise debt
market, the market is more sensitive to bad news than good news, meaning bad news
exerts a greater impact. From the perspective of climate risk, first, climate risk is future-
oriented and has a stronger forward-looking nature than pure financial indicators. Second,
the wide influence and fast dissemination of annual report information enable the green
enterprise debt market to confirm climate-related bad news in annual reports in a more
timely manner. Therefore, corporate annual reports can timely and rapidly reflect the debt
market’s sensitivity to bad news and better predict green enterprises’ financial distress.
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How do green enterprises’” annual reports predict their financial distress? Annual
reports can reflect management’s attention and attitude toward climate risk, thus exerting
a predictive function on green enterprises’ financial distress. Specifically, on the one hand,
high climate risk indicates an unfavorable climate environment for green enterprises.
Given the debt market’s high sensitivity to bad news, creditors will pay more attention to
climate risk [7]. If green enterprises attach sufficient importance to such risk and provide
detailed explanations in annual reports with more mentions of climate-related terms, it
will alleviate creditors’” concerns, boost their confidence and support the stability of the
debt market. Conversely, it will cause creditors to lose confidence, demand early debt
redemption and increase green enterprises’ financial distress. On the other hand, when the
climate environment is unfavorable to green enterprises, creditors will be more cautious
in purchasing green debt [7]. Only when green enterprises objectively describe current
operational difficulties in annual reports and adopt proactive strategies to address climate
risk can they regain creditors’ confidence and maintain debt financing. In contrast, a passive
or indifferent attitude will make financing more difficult, leading to an oversupply of green
debt and insufficient demand from debt holders, which may break the capital chain and
trigger financial distress. Thus, the attention and attitude toward climate risk reflected in
green enterprises” annual reports can provide forward-looking information to predict their
financial distress risk.

The potential incremental contributions of this paper are as follows:

(1) It explores and constructs a prediction framework for the impact of climate risk
on green enterprises’ debt risk, broadening the analytical framework of existing Financial
Distress prediction research. The existing literature mainly uses model and indicator analy-
sis methods, both of which over-rely on financial and economic indicators and ignore the
predictive role of climate risk-related information in annual reports. Incorporating climate
indicators as one of the predictive indicators enriches the financial distress prediction
system from different perspectives. Climate indicators can convey future changes in the
debt market in a more timely manner and serve as leading indicators of market economic
changes, meeting the demand for faster access to debt market change information due to
the market’s higher sensitivity to bad news;

(2) It subdivides financial distress prediction into the dimension of green enterprises’
financial distress prediction. Few existing studies on corporate financial distress prediction
separately focus on the green debt sector. This paper subdivides the prediction field into
the green debt level, providing a new direction for the subdivision of financial distress
prediction research;

(3) It provides policy implications for preventing green enterprises’ financial distress.
Green enterprises’ financial distress threatens the green and sustainable development
strategy, and improving the default prediction system is a key part of this strategy. This
paper verifies the predictive value of the climate indicators related to climate risk for default,
providing new ideas for risk early warning, helping regulators enrich early-warning data,
improve prediction systems, identify default risks in a timely manner, and ensure the
normal operation of green enterprises.

The structure of this study is arranged as follows: Section 2 combs the literature
related to corporate debt risk prediction, climate resilience indicator measurement and
the economic consequences of climate change, reviews existing studies and constructs the
research framework. Section 3 focuses on the research design, including research methods,
sample selection, variable measurement, data sources and data preprocessing. Section 4
presents an empirical result analysis, including machine learning model comparison, model
interpretability analysis and multi-dimensional analysis. Section 5 summarizes the core
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conclusions of this study. Section 6 discusses the theoretical and practical implications of
this study and puts forward corresponding policy suggestions based on the conclusions.

2. Literature Review
2.1. Corporate Debt Risk Prediction

In the field of corporate debt default risk prediction, existing research models are
mainly divided into traditional statistical models and machine learning methods. Tradi-
tional statistical models take financial indicators as the core inputs and focus on depicting
linear relationships of debt default. Their core logic is to achieve a preliminary prediction
of default risk by setting linear quantitative rules or probability distribution assumptions.
Mvula analyzed 56 performing and non-performing assets of a privatized commercial bank
in Tanzania, using multiple linear discriminant analysis to predict the company’s future
performance and assess credit risk. However, multiple discriminant analysis requires
data to follow a normal distribution, which is difficult to meet in reality, so this method
has not been widely promoted [8]. Costa et al. adopted the logistic regression model
to evaluate the credit scoring data of Portuguese financial institutions and predict the
default risk of consumer loans. The Logit model predicts corporate financial distress and
performs significantly better than linear discriminant analysis. However, due to the high
correlation of financial data, the Logit model still faces problems, such as multicollinear-
ity in variable selection. To solve the problem of high dependence on financial data [9],
Aguilera used Principal Component Regression to address multicollinearity and outliers in
financial data [10]. Ma and Jiang predicted China’s local government debt risk based on
the AHP-TOPSIS method. Sohn et al. proposed a fuzzy logistic regression model, which
can predict the possibility of loan default based on enterprises’ technical conditions [11].
Classical traditional econometric models are supported by clear economic theories and
have practical value in the regulatory context, emphasizing interpretability and robust-
ness. However, in the context of rapid data growth and high-dimensional and non-linear
data structures, traditional models are prone to overfitting and poor generalization abil-
ity, limiting their further application. Therefore, to compensate for this defect, artificial
intelligence models have been widely used by scholars with the rapid development of
intelligent technology.

Machine learning models mainly construct prediction rules by adaptively learning
complex patterns in data. Their core logic is to automatically identify interactions and
non-linear correlations among multiple features, such as financial indicators, market in-
formation, text public opinion and time-series behaviors, so as to achieve more refined
and generalizable judgment of default risk. Wang et al. collected the financial data of
239 Chinese companies and proposed RSB-SVM, a new hybrid ensemble algorithm, to
predict corporate credit risk [12]. Zhu et al. studied the financial and non-financial data
of 88 enterprises, compared the prediction results of logistic regression, artificial neu-
ral network, and hybrid models for credit risk of small and medium-sized enterprises,
and found that the combination of logistic regression and neural network achieved bet-
ter prediction performance [13]. Wang et al. optimized the parameters of the XGBoost
model using grid search and K-fold cross-validation, and the results showed that the
optimized XGBoost model had higher accuracy in predicting China’s credit debt default
risk [14]. Wang et al. established a LightGBM model to predict the financing risk profile
of 186 enterprises [15]. Zedda compared 35,535 cases across seven business sectors of
Italian small and medium-sized enterprises, using traditional models (Logit model) and
machine learning models (XGBoost model) to predict loan risk, and found that machine
learning models had higher prediction accuracy [16]. Mo et al. used a new ensemble
learning model, SMOTE-ENN-RFE-RF-RSC, to identify corporate credit risk, and the
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results showed that the model could solve problems such as “misidentification” and
“heterogeneity of industry credit risk characteristics” [17]. Teles et al. compared the perfor-
mance of random forest and support vector regression in corporate credit risk assessment.
The results showed that random forest ran faster, was easier to operate and had higher
prediction accuracy [18].

Existing studies show that machine learning models have significant advantages
in prediction accuracy, but their internal decision-making mechanisms often lack inter-
pretability, which further restricts the reliability and acceptability of models in application
scenarios such as financial risk control and debt default that emphasize interpretability
and robustness. To improve the prediction ability while enhancing the model stability and
interpretability, current research mostly adopts the technical path of “complementation of
multiple base learners” combined with “strategic integration”. Specifically, a hybrid pre-
diction framework can be constructed by integrating traditional econometric models and
machine learning models. Such model fusion methods can not only suppress the instability
of a single model but also achieve a better balance between prediction performance and
mechanism interpretability, thus forming comprehensive predictive capabilities beyond
single models.

2.2. Measurement Methods of Climate Resilience Indicator

Currently, there is no unified measurement method in research on climate indicator
construction. Scholars have formed diverse indicator design paradigms based on dif-
ferent research perspectives and data types, mainly divided into the following aspects.
First is measuring climate risk based on a single climate-related index. Some scholars
use climate-related indices such as temperature and precipitation [19,20], the Palmer
Drought Severity Index [21], flood depth [22], and sea level rise [23] to measure climate
risk. This type of measurement method has a single data source and fails to fully consider
the heterogeneity of risk exposure among enterprises. Meanwhile, other studies generate
dummy variables for climate risk information disclosure or use greenhouse gas emission
data as proxy indicators of climate risk [24]. Although these methods can achieve firm-
level measurement, they still cannot comprehensively reflect the connotation of climate
risk. Second, the climate risk disclosure system is constructed based on the Task Force
on Climate-related Financial Disclosures (TCFD) [25]. This framework divides climate
resilience into physical risk and transition risk. Physical risk refers to damage to corporate
assets and infrastructure caused by extreme climate events; transition risk refers to the
potential impact on corporate operations and strategy due to changes in climate policies,
technological innovation or market demand. With the TCFD framework, enterprises can
systematically analyze the impact of climate risk on financial health and share such infor-
mation with investors and regulators. Third, with the continuous development of big data
technology, more and more scholars use natural language processing (NLP) technology
to assess corporate climate risk. Compared with traditional content analysis methods,
NLP shows excellent ability in text parsing, can more accurately capture the essence of
text, and thus improve the accuracy and credibility of indicator construction. Specifically,
Engle et al. took the lead in creating a climate news index based on climate change
reports in media such as The Wall Street Journal, combined with content analysis as a proxy
indicator for measuring firm-level climate change risk [26]. In addition, among NLP-
based studies, some scholars take the “Management Discussion and Analysis” (MD&A)
section of corporate financial reports as the core analysis text, extract expressions related
to management’s attention to climate issues and quantify them to form management
climate attention indicators. It is worth noting that sample enterprises disclose climate
risk information not only in the MD&A section but also in chapters such as the company’s
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future development plan, and the practice of capturing risks through annual reports has
been widely recognized in the research community. For example, Nagar and Schoenfeld
constructed an indicator of enterprises’ exposure to weather by calculating the frequency
of the word “weather” in corporate annual reports [27], but this indicator mainly targets
natural disasters such as hurricanes and has a single coverage. Sautner et al. and Li et al.
took earnings conference call transcripts of US listed companies as text analysis sources
and measured corporate climate risk by calculating the word frequency of various climate
risk keywords [28,29]. Du et al. took A-share listed companies in China from 2007 to
2020 as research objects and constructed a climate risk dictionary suitable for the Chinese
context with text analysis and machine learning technology. Berkman et al. constructed
corporate climate change risk indicators by analyzing climate change-related information
in 10K files of annual reports [30]. In summary, the method of constructing climate risk
measurement based on corporate annual report text information is methodologically
advanced, can systematically and comprehensively measure climate risk at the micro-firm
level, and provides an important reference for the measurement of climate indicators in
this paper.

2.3. Economic Consequences of Climate Change Risk

Against the background of increasingly prominent climate risk, it has exerted a signifi-
cant impact on corporate production and operation and promoted enterprises” adaptive
transformation, with both negative and positive effects. From the negative perspective, cli-
mate risk may exacerbate corporate loan and debt default risk in the short term, leading to
investment losses and capital erosion of financial institutions, thereby affecting their stable
operation. Specifically, Dessaint and Matray took hurricane events as research objects and
found that corporate managers tend to overreact to climate shocks, showing a significant
increase in corporate cash holdings [31]. Huang et al. further showed that climate risk not
only negatively affects corporate financial performance but also exacerbates the volatility
of cash flow [32]. Liu and Qiao focused on the Chinese local context and pointed out that
the promotion of decarbonization policies has exposed carbon-intensive enterprises to
higher credit risk and financing costs, ultimately exerting a significant negative impact
on corporate value [33]. Pankratz et al. pointed out that extremely high-temperature
weather significantly increases enterprises’ operating costs in sales and other links, thereby
eroding operating profits [34]. Chen et al. showed that climate transition risk leads to a
significant increase in the default rate by causing corporate asset stranding [35]. Sun et al.
analyzed from the perspective of managers’ psychological pressure and found that climate
change risk faced by enterprises exacerbates managers’ short-sightedness and rent-seeking
motivation through pressure transmission, thereby increasing the possibility of corporate
violations [36].

However, from the positive perspective, effectively responding to climate risk has
also created new business opportunities and profit growth points for enterprises. Doh
and Guay showed that actively responding to climate risk and participating in green
finance and social responsibility investment can also improve enterprises’ social image
and brand value, attracting more consumers and investors [37]. Williams and Schaefer
believed that responding to climate risk can stimulate the personal values and internal
beliefs of SME managers, prompting enterprises to participate in climate actions deeply
and continuously [38]. Krueger et al. argued that active participation in risk manage-
ment is a better way to respond to climate risk, making enterprises better prepared for
the transition to a low-carbon economy [39]. Yu et al. believed that, although climate
change and extreme weather events pose significant risks, they also create strategic op-
portunities for renewable energy enterprises, such as wind and solar power, to improve
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investment efficiency and accelerate technological innovation by promoting policy support
and stimulating market demand [40]. Rani et al. found that, for enterprises integrating
climate risk management into operations, using big data and adopting sustainable prac-
tices can not only improve their environmental footprint but also enhance financial and
operational performance [41].

2.4. Climate Narrative Disclosure and Financial Distress Prediction

The prior literature finds obvious selective bias in corporate climate narratives: en-
terprises frame circular economy initiatives only as green opportunities with insufficient
disclosure of matching climate risks, and one-sided textual information distorts creditors’
risk judgment [42]. Consistent with this view, banking climate reports also place more
emphasis on opportunity-oriented narratives while lacking sufficient forward-looking
risk information, and merely a quarter of disclosures contain detailed quantitative con-
tent [43]. Similarly, European energy enterprises present fragmented and biased climate
narratives in TCFD disclosures, as they concentrate on strategic and indicator descriptions
while insufficiently disclosing climate governance and risk management content. Such
incomplete textual disclosure will significantly affect investor judgment and corporate
valuation, further demonstrating the value of quantifying comprehensive climate narrative
features for financial risk prediction [44]. Methodologically, textual analysis based on
self-built climate risk dictionaries is widely adopted to quantify the intensity of corporate
climate narratives in annual reports. Evidence from Chinese listed banks further proves
that financing conditions will significantly change firms” willingness to disclose climate
risk information, which highlights that climate narrative texts are endogenous signals
reflecting managerial risk judgment [45]. Overall, the above literature confirms pervasive
selective, fragmented and forward-looking-deficient bias in corporate climate narrative
disclosures across manufacturing, energy and banking sectors. Managerial textual tone,
information coverage and disclosure willingness are jointly shaped by firms” operational
characteristics and financing demands, and such narrative signals exert tangible impacts on
the risk judgment of creditors and investors. Nevertheless, existing studies mostly conduct
separate textual analysis of climate disclosure without integrating disclosure volume and
sentimental tendency to construct a unified composite indicator for climate resilience. More
importantly, few researchers have further tested the incremental predictive effect of textual
climate narrative features on the financial distress risk of green enterprises, which leaves
sufficient research space for this paper.

2.5. Research Gaps and Contributions

Synthesizing the above research results, current research in the field of corporate debt
default prediction and climate risk correlation has formed a certain foundation but still
has the following problems. First, most studies on corporate debt default methods adopt
a single traditional econometric model or machine learning model, and few effectively
integrate the complementary advantages of the two methods in theoretical rigor and
prediction flexibility, leading to a limited comprehensive applicability and robustness
of the model. Second, existing climate indicator design has formed diverse paths, such
as micro text mining, macro policy correlation and physical feature quantification, but
the core limitation lies in the failure to fully incorporate management’s attention and
attitude toward climate risk into the indicator system. In the green enterprise scenario,
management’s attention and attitude toward climate risk directly determine the initiative
and effectiveness of corporate climate risk prevention and control, which is a dimension
that cannot be covered by existing financial indicators and macro climate indicators. Third,
the impact of climate risk on corporate finance has dual effects. Most existing studies
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either examine its negative financial consequences (such as increased default rate and
costs) or emphasize transition opportunities (such as green investment opportunities),
failing to systematically analyze the impact mechanism and transmission mechanism of
climate risk on corporate financial risk, thus making it difficult to reveal how enterprises
form differentiated debt performance capabilities in the interaction between risk shocks
and transition incentives. Moreover, current climate narrative research mainly focuses
on disclosure-quality evaluation and capital market valuation consequences, while rarely
extending to the field of corporate financial distress and debt risk early warning. The
predictive value of differentiated climate narrative characteristics for green enterprises’
debt default risk has not been effectively verified, resulting in a missing link between
climate textual signal disclosure and corporate financial risk prediction.

Based on the above research limitations, this paper takes corporate annual reports
as the core analysis carrier, extracts management’s attention and attitude toward climate
risk to construct a climate resilience indicator. Different from previous single-dimensional
textual statistics, this study integrates both the quantity and sentimental tendency of
climate narrative disclosures to characterize corporate climate resilience, which effec-
tively compensates for the selective bias and fragmented measurement defects in existing
climate textual research. Meanwhile, it integrates traditional econometric models and
machine learning models to build a hybrid prediction framework combining “theory-
driven and data-driven”. This framework not only ensures coefficient interpretability
and economic theory support through traditional models but also captures complex
non-linear relationships among variables using machine learning, thereby improving
prediction accuracy while enhancing model robustness and applicability. Finally, the
study focuses on the impact mechanism of climate risk on green enterprises’ debt default,
aiming to reveal the regulatory role of climate resilience in the debt performance pro-
cess and provide empirical evidence for enterprise risk management and green financial
policy formulation.

3. Research Design
3.1. Research Methods

This paper integrates text mining, ensemble machine learning, model interpretabil-
ity tools and binary Logit regression for empirical analysis. Annual report texts and
word frequency statistics, together with SnowNLP sentiment calculation, are adopted
to construct the climate resilience indicator. Four ensemble models, including random
forest, XGBoost, LightGBM, and AdaBoost, are established. Two data division strategies
(random sampling and time-series extrapolation) are applied to compare the prediction
performance of three groups of feature sets. Grid search combined with 5-fold cross-
validation is used for hyperparameter tuning, and ACC, F1, AUC, and the DeLong test
are utilized to evaluate model performance. SHAP values and partial dependence plots
are adopted to interpret the nonlinear relationships between variables. Furthermore, poly-
nomial Logit regression, interaction term regression and industry-grouped regression are
performed to examine nonlinear effects, synergistic effects and industrial heterogeneity,
so as to reveal the risk prediction characteristics of the climate resilience indicator from
multiple perspectives.

3.2. Sample Selection

The research selects enterprises engaged in electric passenger vehicles, electric power
and water conservancy, photovoltaic and wind power, wind—solar power generation equip-
ment, lithium batteries and fuel cells, and the environmental protection sectors to form
the sample of green enterprises, covering key green industries, including clean energy
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development, new energy equipment manufacturing, new energy vehicles, energy con-
servation, and environmental protection. There are sufficient theoretical and empirical
rationales for integrating multi-industry firms into a unified prediction sample. First, all
sampled enterprises take green low-carbon development and energy conservation and
emission reduction as their core businesses, falling within the scope of key green low-carbon
sectors supported by national policies. Second, firms across these industries are jointly
constrained and incentivized by policy frameworks such as green credit, carbon regulation
and low-carbon subsidies, sharing highly consistent underlying logic in the formation and
transmission of green value. Third, the cross-industry mixed sample expands observation
dimensions, makes up for the limited sample size of single-industry datasets, reduces
model bias caused by industry-specific characteristics, and improves the generalizability
and external validity of prediction results.

3.3. Variable Measurement
3.3.1. Independent Variable

This paper constructs a climate resilience indicator based on the textual content of
listed companies” annual reports. The indicator incorporates two types of information,
namely the total frequency of climate risk disclosures and the managerial textual sentiment
tendency, to characterize the comprehensive features of firms in terms of climate narratives.
The specific construction procedures of the indicator are outlined as follows.

First, according to the English vocabulary of climate risk in the literature of Sautner
et al. and Li et al. [28,29], Chinese-English translation is carried out using translation
tools (Google Translate), combined with manual comparison of more than 100 annual
financial reports of enterprises in different years and industries. Secondary confirmation
is conducted on semantically vague vocabulary to form an initial climate risk word set.
Then, the Word2Vec model, a neural network-based NLP machine learning model, is
used to expand the initial word set from two dimensions of enterprises’ climate risk and
climate transition risk, and the top 100 most similar climate risk vocabulary words are
obtained as the final climate risk word set according to similarity ranking. Combined
with the actual word frequency distribution of annual report data in this study, the top 91
vocabulary words with high frequency are screened to finally form the climate word set
W = {wy,wy, - - - ,we; } for constructing the climate resilience indicator. Finally, the word
frequency method is used to count the corporate climate risk word frequency, and the sum
is logarithmically processed to construct the Total Frequency of Climate Risk Disclosure.
The specific process is:

. 91
CliRiy =Y ,—; FRy(wy) @

In Formula (1), CliR;; represents the comprehensive word frequency count of the
climate risk of enterprise i in year t, and FR; ;(wy) represents the frequency of vocabulary
W = {wy,wy, - - - ,we1 } in the annual report of enterprise i in year t. To reduce the interfer-
ence of word frequency magnitude on the research results and optimize the data structure,
this paper adopts a logarithmic form to de-magnify the data and obtain the Logarithmic
Total Frequency of Climate Risk Disclosure LnCR;;, as shown in Formula (2):

LnCR;; = In(CliR; ;) + 1 )

Second, all paragraphs containing vocabulary in the climate word set W in the annual
report are screened. The SnowNLP (version 0.12.3) tool is used to calculate the sentiment
value of each screened paragraph, and the average sentiment value of all paragraphs is
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taken to obtain the average sentiment value Sent;; of the company’s annual report. The

specific process is:
Mt

Sent;; = 72 Si,t,j 3)
Miti=
In Formula (3), Sent; ; represents the average sentiment value of climate risk in the
annual report of enterprise i in year t, m;; represents the total number of paragraphs
containing vocabulary in the climate word set in the annual report of enterprise i in year t,
and S;;; represents the sentiment value of the j climate-related paragraph in the annual
report of enterprise i in year t, where j = 1,2,...,m;; corresponds to the j climate-related
paragraph in the annual report of enterprise i for year t.
The climate resilience indicator is obtained by multiplying the above-calculated
LnCR;; and sent; ; with the specific calculation formula:

Xi,t = LnCRi,t X Senti,t (4:)

In Formula (4), LnCR;; measures the scale of corporate climate-related disclosure,
while Sent; ; depicts management’s narrative tendency toward climate issues. The product
of the two terms, X;;, serves as a comprehensive proxy variable for firms’ climate risk-
related disclosure. Integrating disclosure volume and textual sentiment, this indicator
distinguishes four combinations of disclosure characteristics: high disclosure volume with
positive sentiment, high disclosure volume with negative sentiment, low disclosure volume
with positive sentiment, and low disclosure volume with negative sentiment, which jointly
reflect firms’ comprehensive attributes reflected in climate narratives.

3.3.2. Control Variables

This paper mainly adopts financial indicators reflecting the basic operation of listed
companies to construct control variables and divides corporate financial indicators into
four aspects: debt-servicing capacity, operating capacity, profitability and cost and expense
control capacity. The data are derived from the Financial Indicator Analysis Database
under the Company Research Series of the CSMAR database, and 74 indicators are
initially selected.

Meanwhile, the obtained financial indicators are input into the green enterprise fi-
nancial distress risk prediction model as features. Whether the company is ST is taken
as the binary label, and the features are sorted in descending order according to feature
importance. Considering the impact of feature importance on the model, features with an
importance less than 0.001 are eliminated as unimportant features, and 33 financial features
are screened.

Considering the high correlation between some financial indicators, to reduce informa-
tion redundancy while retaining the original data information, this paper compresses highly
correlated variable groups. First, variables with correlation |r| > 0.8 are identified, and then,
highly correlated variable groups are constructed based on the transitivity of correlation.
Dimension reduction is conducted separately for each highly correlated variable group,
with the standard that the newly generated comprehensive variable can explain more than
85% of the information of the original variable group. Finally, a data set containing financial
data and comprehensive variables is formed, which reduces information redundancy while
retaining original information. Taking the variables of this data set as control variables and
the climate resilience indicator as independent variables, a feature preprocessing summary
table is constructed, as shown in Table 1.
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Table 1. Feature preprocessing summary.

Variable Symbol

Variable Name

Formula

Debt-servicing Capacity

WCBR Working Capital to Borrowings Ratio Working Capital/ Total Borrowings
WC Working Capital Current Assets — Current Liabilities
CICR Cash Flow Interest Coverage Ratio Net Operating Cash Flow/Interest
Expense
CDDR Cashflow Due Debt Ratio N?t Qperatmg Cash Flow /Matured
Principal and Interest
DER Debt to Equity Ratio Ec(;tlelailt;labll1tles/ Total Shareholders
LTDWC Long-term Debt to Working Capital Ratio ~ Long-term Liabilities/Working Capital
DEMR Debt to Market Value of Equity Ratio Total Liabilities/Market Value of Equity
TNDR Tangible Net Worth Debt Ratio Total L1a1?111t1es/ (Shareholders” Equity
— Intangible Assets)
EM Equity Multiplier Total Assets/Total Shareholders’” Equity
Operating Capacity
IR Inventory to Revenue Ratio Inventory Balance/Operating Revenue
ITO Inventory Turnover Operating Cost/Average Inventory
Balance
. Inventory Turnover Days + Accounts
OC Operating Cycle Receivable Turnover Days
APTO Accounts Payable Turnover Operating Cost/Average Accounts
Payable Balance
WCT Working Capital Turnover Ope.ratmg Revenue/ Average Working
Capital
CET Cash and Cash Equivalents Turnover Op erating Revenue/Average Cash and
Cash Equivalents
CAR Current Assets to Revenue Ratio Current Assets/Operating Revenue
CATO Current Assets Turnover gg:eiastmg Revenue/Average Current
TATO Total Assets Turnover Operating Revenue/ Average Total
Assets
Profitability
ROE Return on Earnings Before Interest and Tax EBIT/Total Assets
. . Net Profit/(Shareholders” Equity +
ROELTC Return On Equity and Long-Term Capital Long-term Liabilities)
Cost Control Capacity
FER Financial Expense Ratio Financial Expenses/Operating Revenue

Comprehensive Capacity

FCCR1 Financial Comprehensive Ratio 1

FCCR2 Financial Comprehensive Ratio 2

FCCR3 Financial Comprehensive Ratio 3

FCCR4 Financial Comprehensive Ratio 4

Climate Perception Capacity

X Climate Resilience Indicator LnCR x Sent

Note: FCCR1-FCCR4 denote the four composite financial scores extracted via principal component analysis,
respectively; X represents the climate resilience indicator, calculated as the product of sentiment score and
log-transformed climate risk attention.

3.4. Data Sources

Financial indicators are derived from A-share green enterprise listed companies in the
CSMAR database, with a research time span of 10 years from 2015 to 2024. For companies
not marked as ST (non-ST companies), the categorical variable Y = 0. Companies marked as
“Special Treatment (ST)” are taken as a sign of financial distress, recorded as ST companies,
and given the categorical variable Y = 1. After data cleaning of the obtained financial data,
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a total of 2066 data points are obtained, including 1574 non-ST company data points and
492 ST company data points, with a ratio of approximately 3:1. Non-financial indicators
are derived from annual reports of A-share green enterprise listed companies.

4. Empirical Analysis

4.1. Machine Learning Model Comparison
4.1.1. Determination of Optimal Model Parameters

Parameter design can optimize the model, adjust classifier performance, and achieve
the goals of improving model performance and training speed. This study divides the full
data set into a training set and a test set at a ratio of 7:3 using random sampling. Grid search
and 5-fold cross-validation are adopted to optimize the hyperparameters of the model, with
the maximum F1 score as the standard, and the optimal parameter combination is taken as
the final parameter to improve model performance. The optimal parameter combinations
of each model are shown in Table 2.

Table 2. Optimal hyperparameters of models.

Model Type Parameter Name Parameter Symbol Optimal Parameter
Random Forest Number of Trees n_estimators 11
Maximum Depth of Tree max_depth 8
Impurity criterion entropy

XGBoost Number of Trees n_estimators 86
Maximum Depth of Tree max_depth 6

Learning Rate learning_rate 0.12

LightGBM Number of Trees n_estimators 190
Maximum Depth of Tree max_depth 13

Learning Rate learning_rate 0.2

AdaBoost Number of Trees n_estimators 251
Maximum Depth of Tree base_estimator 4

Learning Rate learning_rate 0.2

Note: All other unlisted hyperparameters of each model adopt the default values of the Scikit-learn library.

4.1.2. Model Performance Comparison

This paper classifies the obtained features into three categories: “climate resilience
indicator”, “financial indicator” and “financial indicator and resilience indicator”, and
inputs the data of these three categories into random forest, XGBoost, LightGBM and
AdaBoost models, respectively, to predict the financial distress risk, with the binary label
being whether the company is ST. Four indicators (accuracy, precision, recall and F1 score)
of the four models on the training set and test set are output to evaluate model performance.
Table 3 shows the comparison of prediction effects between machine learning models
constructed using listed company data. The rows of Table 3 represent different models
with only resilience indicators, only financial indicators and both a resilience indicator
and a financial indicator. Columns 3 to 6 represent the performance of the model on the
training set, including accuracy, precision, recall and F1 score. Columns 7 to 10 represent
the performance of the model on the test set.

A horizontal comparison of the overall performance of the four models on the test
set shows that XGBoost achieves relatively superior fitting results under all three feature
combinations. This indicates that, under the random grouping setting, the serially iterative
ensemble tree model has stronger adaptability to unstructured derived features such as
annual report texts.
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Table 3. Performance comparison of each model.
Model Training Set Test Set
ACC P R F1 ACC P R F1
resilience 07877 07079  0.1831 02910  0.7484 03000  0.0405  0.0714
Random indicator
Forest financial 09398 09923 07529  0.8562  0.8903 09255  0.5878  0.7190
indicator
financialand ) g/33 19960 07645 08651 09016 09485 06216 07510
resilience
resilience 07891  0.6893 02064 03177 07419 03125 00676  0.1111
XCBoost indicator
financial
jmna 1.0000  1.0000  1.0000  1.0000 09210  0.8960  0.7568  0.8205
indicator
financialand 4 5000 10000 1.0000  1.0000 09452 09672 07973  0.8741
resilience
resilience 07905 06171 03140 04162 07242 03175 01351  0.1896
LightGBM indicator
financial
jmna 1.0000  1.0000  1.0000  1.0000 09274 09055  0.7770  0.8364
indicator
financialand 4 5000 10000 1.0000  1.0000 09435 09593 07973  0.8708
resilience
resilience 0.7746 07045  0.0901 01598 07565 02857  0.0135  0.0258
indicator
AdaBoost financial
rma 09993  1.0000 09971 09985 09177  0.8943  0.7432  0.8118
indicator
financialand 4 5000 10000 1.0000  1.0000 09306 09339 07635  0.8401
resilience

Note: “resilience indicator” denotes models using only the climate resilience indicator as input features; “financial
indicator” denotes models using only financial indicators; “financial and resilience” denotes models using both
financial indicators and the climate resilience indicator. ACC, P, R, and F1 denote accuracy, precision, recall, and
F1 score, respectively.

Vertical comparison within each individual model reveals a consistent pattern across
all four models: the feature set combining financial indicators and the climate resilience
indicator generally delivers better predictive performance than the set containing fi-
nancial indicators alone. This preliminary result indirectly demonstrates that the text-
based climate resilience indicator carries incremental feature information not reflected
in traditional financial data and can improve model fitting under the random-split
experimental framework.

The outstanding performance of XGBoost in this comparative experiment is closely
tied to its underlying algorithmic properties. Composed of multiple serially connected
decision trees, XGBoost optimizes subsequent trees iteratively based on the residuals of
previous ones. It excels at handling high-dimensional and nonlinear data and effectively
captures complex interaction relationships among features. The dataset of this paper
contains both structured financial indicators such as asset-liability ratio and current ratio,
as well as unstructured climate resilience features derived from annual report texts. Given
the high dimensionality and weak linear correlations of the variables, XGBoost’s inherent
advantages in processing such data grant it better predictive adaptability within the current
experimental framework.

4.1.3. Robustness Test Based on Time-Series Extrapolation Framework

Random data splitting mixes time-series information and allows future data to leak
into the training set, which artificially inflates the out-of-sample performance of models.
The perfect training set metrics of XGBoost and LightGBM in the previous table also signal
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severe overfitting risks, so this approach is only suitable for preliminarily verifying the
incremental predictive value of the climate indicator. Therefore, this paper further estab-
lishes a rigorous time-series extrapolation framework, where samples from 2015 to 2021
are used for training and independent samples from 2022 for testing. The prediction perfor-
mance of all machine learning models under this temporal segmentation rule is detailed in
Table 4. The AUC, PR-AUC metrics, calibration curves and threshold sensitivity graphs
for all models, together with four evaluation charts of XGBoost after rolling the sample
time window forward two periods, are provided in Supplementary Tables S1 and S2 and
Supplementary Figures S1-524.

Table 4. Model performance comparison of each model under temporal extrapolation.

Model Feature Set ACC P R F1 AUC AAUC Z P
Financial-only 9,09 (8627 08462 08544 09809 — — —

Features

XGBoost Composite
09559  0.9000  0.8654  0.8824 09774  0.0035 09532  0.3407

Features
Financial-only 9356 (gs10 (07885 08200 09462 — — —

Random Features
Forest Composite 09228 08605 07115 07789 09472  0.0010 —02798  0.7797

Features
Pml';‘nct‘al'only 09485 09130  0.8077  0.8571  0.9743 — — —

LightGBM = "¢
ompostte 09522 09149 08269 08687 09767  0.0024 —42153  0.0000

Features
Financial-only 5106 (8043 07115 07551 09375 — — —

Features

AdaBoost Composite
p 09118  0.8043 07115 07551 09392  0.0017 —05883  0.5563

Features

Note: Evaluation metrics include accuracy, precision, recall, F1-score and AUC. AAUC refers to the change in
AUC after incorporating the climate indicator; Z-statistic and p-value are the test statistics of the DeLong test.

The time-series test results reveal that the model AUC rises slightly after adding the
climate resilience indicator. Nevertheless, only the performance improvement of LightGBM
passes the statistical significance test via the DeLong test, while the incremental gains of
the other three models are statistically insignificant. Random data splitting mixes samples
across different time periods, weakening the textual signal noise arising from industrial
and annual heterogeneity, making it easier to capture the marginal benefits of the climate
indicator. By contrast, the time-series extrapolation design is more consistent with real-
world risk control scenarios. Disturbances such as divergent operating models across green
sub-sectors and mixed incentives for corporate climate disclosure dilute the incremental
predictive power of climate texts, and only several ensemble learning algorithms can extract
robust risk signals.

Combining the two groups of experiments, the textual climate resilience indicator
indeed contains forward-looking risk information that cannot be reflected by traditional
financial indicators, yet its signal is low-purity and susceptible to external disturbances.
Although the improvement margin is limited under the standard time-series prediction
framework, identifiable incremental warning effects still exist. This verifies that standard-
izing mandatory corporate climate narrative disclosure and mining unquantified textual
information from annual reports carry practical significance for credit risk management.
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4.2. Model Interpretability

The following analyzes the mechanism of the resilience indicator from the perspective
of multi-dimensional model interpretability, as shown in Figure 1:
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Figure 1. Multi-dimensional visualization analysis of model interpretability.

From the overall data distribution, ST enterprises and non-ST enterprises differ in the
distribution of the climate resilience indicator, which endows the resilience indicator with
the potential to be a risk indicator.

According to the feature importance ranking derived from the SHAP model, the text-
based climate resilience indicator contributes considerably among all predictive variables,
ranking fifth and serving as a vital input feature for the financial distress prediction model.
In terms of sample distribution, the value of the climate resilience indicator has a significant
statistical correlation with the model’s predicted risk score. Samples with low climate re-
silience generally correspond to higher predicted probabilities of financial distress, whereas
samples with high climate resilience tend to have lower predicted risk levels.

Partial dependence plots further illustrate the nonlinear correlation between the cli-
mate resilience indicator and financial distress prediction outcomes. Within the low climate
resilience range, the model generally yields higher predicted financial distress risks, yet
a small number of low-risk samples still exist in this interval. This implies that corporate
fundamental financial indicators jointly determine risk assessment, and a single textual cli-
mate feature cannot fully dominate the prediction results. In the medium climate resilience
interval, the sample risks are evenly distributed, and no simple monotonic relationship
exists between climate resilience and predicted risks, presenting a more intricate correlation
pattern. In the high climate resilience range, the overall predicted probability of financial
distress decreases, reflecting the positive marginal contribution of the climate resilience
indicator to model fitting. Overall, the partial dependence results only reflect the nonlinear
correlation pattern of the variable within the model prediction system.
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Combining the findings from box plots, SHAP feature contributions, and partial de-
pendence plots, the annual report text-based climate resilience indicator boasts strong
model interpretability and sample discrimination capacity. As an incremental predictive
feature supplementary to traditional financial indicators, it expands the feature dimension
of financial risk early-warning models. Combined with the rigorous time-series prediction
results mentioned above, it can be further concluded that the textual climate resilience
indicator contains forward-looking unquantifiable information rarely captured by conven-
tional financial data, though textual signals are vulnerable to disturbances from corporate
disclosure behaviors, industrial attributes and external environments.

4.3. Multi-Dimensional Analysis

This paper conducts a multi-dimensional analysis from four dimensions: non-linearity,
synergistic effect, heterogeneity and transmission mechanism. Meanwhile, to eliminate the
interference of dimensional differences on regression results, all variables are standardized
using a Z-score.

4.3.1. Non-Linearity Test

To identify the nonlinear relationship between climate resilience and debt default
risk, this paper constructs a polynomial Logit model by sequentially incorporating the
linear, quadratic and cubic terms of climate resilience. All variables are standardized via
Z-score transformation, and the model controls for two-way fixed effects of industry and
year simultaneously. The regression results are presented in Table 5, which reports the
coefficients and standard errors of core variables at each order, along with the model-fitting
indicators, including McFadden pseudo-R?, log-likelihood, AIC and BIC.

Table 5. Nonlinear Regression Estimation Results.

Coefficient Model X Model X? Model X3 Model X + X*  Model X + X2 + X3
X —0.5540 *** _ _ —0.5839 *** —0.5288 ***
(0.0705) (0.0674) (0.0966)
X2 . —0.0139 o 0.0963 *** 0.1373 **
(0.0271) (0.0338) (0.0617)
- B B —0.0628 *** B 00161
(0.0197) (0.0207)
Ps.R? 0.0548 0.0238 0.0329 0.0578 0.0580
Log-Likelihood —1071.9437 —1107.0977 —1096.7956 —1068.5852 —1068.2672
AIC 2165.8874 2236.1953 2215.5912 2161.1703 2162.5344
BIC 2227.8545 2298.1624 2277 .5582 2228.7708 2235.7682

Note: Standard errors are reported in parentheses. *** and ** denote statistical significance at the 1%, 5%, and 10%
levels, respectively.

This paper adopts a polynomial Logit model to examine the nonlinear impact of the
climate resilience indicator on corporate financial distress risk. Stepwise regression is
carried out by sequentially introducing the linear term X, the quadratic term X? and the
cubic term X3. Each column reports coefficients, standard errors, and fit indicators tailored
for binary discrete choice models, including McFadden pseudo-Rz, log-likelihood, AIC,
and BIC. The regression results are shown in Table 5.

The Univariate regression results indicate that the linear and cubic terms can indepen-
dently and significantly reduce the probability of financial distress, while the standalone
quadratic term exerts no significant effect. When both linear and quadratic terms are
included, the linear term is significantly negative, and the quadratic term is significantly
positive, jointly forming a U-shaped relationship. After further adding the cubic term, its
coefficient turns insignificant. The above findings verify that climate resilience exerts a
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nonlinear effect on corporate financial distress risk, and a purely linear specification would
overlook dynamic changes in the marginal effect of the variable.

4.3.2. Synergistic Relationship Analysis

To test the synergistic effect between climate resilience and the financial indicators, this
paper establishes two groups of binary Logit regression models. All sample variables are
standardized by Z-score, and the two-way fixed effects of industry and year are controlled
uniformly in all models. The first column corresponds to the benchmark model containing
only financial control variables and the climate resilience indicator, while the second column
further introduces interaction terms between climate resilience and core financial indicators.
The regression results of statistically significant variables as well as model fitting indices
including McFadden pseudo-R2, log-likelihood, AIC and BIC are reported in Table 6, which
only displays partial findings. Complete full-sample regression results can be found in
Tables S2 and S3 of the Supplementary Materials tables.

Table 6. Synergistic relationship test.

Variable Model X + Z Model X +Z+X X Z
WeBR 0210 0214
we (@1080) 0104
CICR 00556) 0o
DER (00%0) (01083)
M o0t o214
R —0.0604 —0.1921*
(0.0943) (0.1146)
Imo 07 sy
APTO 00621) 0
ceT (00975) 01011
CAR (01085) (01260)
CATO (00862) (00968)
TATO o8 00952)
EBIT 0055%) o119
x —0.5055 *** —0.8891 ***
(0.0744) (0.1499)
TNDR x X — *(ggg’gg)
IM0 x X - para
APTO x X — _(3.';33?18)*
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Table 6. Cont.
Variable Model X + Z Model X+Z+X X Z
0.4588 **
EBIT x X — (0.1785)
Ps.R? 0.1695 0.1881
Log-Likelihood —941.8116 —920.7644
AIC 1947.6231 1947.5289
BIC 2127.8910 2246.0974

Note: Standard errors are shown in parentheses. ***, ** and * represent significance levels of 1%, 5% and
10% respectively.

In the benchmark model, the coefficient of climate resilience X is 0.5055 and signifi-
cantly negative at the 1% level. After incorporating interaction terms, the absolute value
of the X coefficient rises to —0.8891 and remains significantly negative at the 1% level. A
comparison of the two sets of results shows that climate resilience is steadily negatively cor-
related with corporate financial distress risk, regardless of whether interactive moderating
variables are included, demonstrating the strong robustness of this statistical correlation.
In addition, the absolute value of the X coefficient increases remarkably after controlling
for interaction terms between the financial indicators and climate resilience, which implies
that omitting such interaction relationships will underestimate the risk early-warning effect
of climate resilience.

In terms of model-fitting performance, the McFadden pseudo R? rises to 0.1881 after
the inclusion of interaction terms, indicating enhanced explanatory power compared with
the benchmark model containing only financial variables and X. The log-likelihood value
is also improved correspondingly, which confirms the existence of interaction relationships
between financial indicators and climate resilience.

4.3.3. Industrial Heterogeneity Test

To examine whether the impact of climate resilience on debt default risk exhibits
industrial heterogeneity, this paper divides the full sample into manufacturing and non-
manufacturing groups and conducts binary Logit regressions separately. All variables are
standardized via Z-score transformation, and the two-way fixed effects of industry and year
are controlled in the models. The regression results of statistically significant variables to-
gether with model fitting indices including McFadden pseudo-R2, log-likelihood, AIC and
BIC are presented in Table 7. which only shows partial results. Comprehensive complete
regression results are provided in Tables 54 and S5 of the Supplementary Materials.

The coefficient of climate resilience X is significantly negative in both subsamples, yet
there are marked disparities in the significance levels and marginal effects. For manufac-
turing firms, the coefficient of X equals —0.4785 and is significant at the 1% level, while
for non-manufacturing firms, the coefficient of X is —0.3958 and is only significant at the
5% level. A comparison of absolute coefficient values reveals that the marginal effect of
climate resilience in mitigating financial distress risk is stronger within the manufacturing
sector. Such discrepancies stem from inherent industrial characteristics: manufacturing
sectors face greater exposure to extreme weather and low-carbon policy constraints across
fixed assets, production capacity and supply chains. Accordingly, climate narratives in
annual reports that reflect risk response strategies and low-carbon transitions deliver more
prominent predictive value for operational risks. In contrast, non-manufacturing firms bear
less climate-related operational exposure, and the incremental risk discrimination capacity
of the climate resilience indicator is relatively weaker.

https:/ /doi.org/10.3390/systems14070863


https://doi.org/10.3390/systems14070863

Systems 2026, 14, 863

19 of 27

Table 7. Industrial heterogeneity regression results.

Variable Manufacturing Non-Manufacturing
0.0614 6.5121 ***
DER (0.0851) (1.9334)
1.4189 *** 0.3909
EM (0.2295) (0.5551)
—0.2407 1.2049 ***
oc (0.1513) (0.4277)
0.6179 *** —0.2970
CET (0.1129) (0.2221)
0.9830 *** —1.6378 ***
CAR (0.1354) (0.5192)
0.6484 *** —0.3609
CATO (0.1136) (0.4850)
—0.4617 *** —0.1503
TATO (0.1112) (0.2745)
0.6874 ** 0.1902
FER (0.3351) (0.2678)
x —0.4785 *** —0.3958 **
(0.0847) (0.1865)
Ps.R2 0.2010 0.2830
Log-Likelihood —767.8279 —119.1158
AIC 1597.6559 300.2315
BIC 1768.1037 410.7316

Note: Standard errors are reported in parentheses. ***

levels, respectively.

and ** denote statistical significance at the 1%, 5%, and 10%

Fitting indicators show that the McFadden Ps.R? of non-manufacturing firms (0.2830)
is higher than that of manufacturing firms (0.2010). This goodness-of-fit metric captures
the overall explanatory power jointly offered by financial control variables and the climate
resilience indicator, suggesting that the combination of these two types of variables achieves
superior comprehensive identification of financial distress among non-manufacturing enter-
prises. Nevertheless, comparison of the core variable X’s coefficients indicates that climate
resilience exerts a stronger marginal mitigating effect with higher statistical significance in
manufacturing firms. This implies that textual climate information contributes more to risk
identification for manufacturers, whereas fundamental financial indicators play a more
powerful discriminatory role in non-manufacturing subsamples.

4.3.4. Transmission Mechanism Analysis

This paper constructs a financial distress prediction system integrating traditional
financial indicators and textual climate resilience features. With the aid of SHAP analysis,
it systematically characterizes the statistical correlation patterns among climate resilience
features, multi-dimensional financial features and corporate financial distress risk.

In terms of the correlation patterns between climate resilience and various financial
dimensions, Figure 2 shows that, within the solvency dimension, indicators including
WC, DEMR and CICR show consistent patterns in the SHAP distribution, and the climate
resilience feature is positively correlated with corporate solvency indicators in model fitting.
For the operating capacity dimension, APTO and WCT present negative correlations
with climate resilience, while CET, ITO and TATO show positive correlations, which
demonstrate significant nonlinear relationships between climate resilience and corporate
operational indicators. In the profitability dimension, ROI is negatively associated with
climate resilience, reflecting differentiated fitting relationships between textual climate
information and corporate investment returns. Regarding the cost control dimension, FER
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is positively correlated with the climate resilience indicator, indicating a consistent fitting
trend between climate resilience and corporate cost management performance.

SHAP Feature Importance Summary

High

Feature value

T T T T T T Low
-0.2 0.0 0.2 0.4 0.6 0.8 1.0

SHAP value (impact on model output)
Figure 2. Impact mechanism diagram of climate risk and financial risk.

Further analysis is conducted on the model correlation patterns between financial
features and financial distress risk, as shown in Figure 3.

In the operating capacity dimension, WCT presents nonlinear fitting characteristics
with financial distress risk. The distribution of model features indicates that excessively
high or low capital turnover levels correspond to higher predicted risk values, and only
turnover efficiency within a moderate range delivers the optimal risk identification effect
in the model. In the profitability dimension, EBIT and ROI exert opposite feature contribu-
tions. Stable operating profit scales help reduce the model’s predicted risk scores, while
excessively high investment income levels correspond to greater cash flow uncertainty and
risk exposure. In the cost control dimension, FER is negatively correlated with financial
distress risk in the fitting results, and reasonable financing structure and scale serve as key
features for the model to identify low-risk enterprises.

The overall comparative feature results reveal that four categories of financial indica-
tors, namely solvency, operating capacity, profitability and cost control, differ significantly
in their contribution directions and magnitudes within the risk prediction model. All
financial features constrain one another and jointly form the core fundamental system for
identifying corporate financial risks.

Combining the above interpretability results of the models, the climate resilience
feature extracted from annual report texts can effectively complement multi-dimensional
corporate financial fundamentals and maintain a stable nonlinear statistical correlation
with corporate financial performance and risks. Combined with the prior time-series
prediction results, it can be further inferred that textual climate information contains
forward-looking risk warning signals that cannot be captured by traditional financial
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indicators and carries independent incremental predictive value. Accordingly, mining
unquantified information embedded in climate narratives of annual reports can provide an
effective auxiliary judgment basis for financial risk early warning of green enterprises.
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Figure 3. Impact mechanism diagram of financial risk and debt default.

5. Discussion

Focusing on the core research question of whether mandatory climate narrative texts
in annual reports can deliver incremental predictive information regarding corporate credit
deterioration beyond traditional accounting indicators, this paper draws on cutting-edge
research in green finance. The corporate climate resilience indicator constructed through
text mining acts as a core incremental non-financial feature for identifying financial distress
risks of green enterprises. As China’s dual carbon policies are fully implemented and
climate information disclosure of listed companies gradually becomes mandatory and
standardized, extracting soft climate information contained in annual reports and quanti-
fying climate resilience to optimize the credit risk early-warning system carry important
theoretical expansion value and practical guiding significance for the industry.

To systematically clarify the predictive power, internal mechanism and applicable
boundary of the climate resilience indicator on the financial distress risks of green enter-
prises, this paper selects A-share listed companies in segmented green industries from
2015 to 2024 as research samples. It constructs the climate resilience indicator via NLP
technology applied to annual report texts and adopts two machine learning prediction
schemes: random data splitting for preliminary testing and a time-series extrapolation
framework for robust verification. SHAP values and partial dependence plots are utilized
to decompose model interpretability, while polynomial Logit regression, interaction effect
tests and grouped subsample regressions are conducted for in-depth mechanism analysis.
This paper comprehensively examines the incremental predictive value, nonlinear rela-
tionships, synergistic effects with financial indicators, industrial heterogeneity and risk
transmission channels of the climate resilience indicator, providing empirical evidence
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and operable references for financial institutions’ financial distress risk prediction and the
optimization of regulatory climate disclosure systems. The core empirical conclusions are
summarized as follows:

(1) The climate resilience indicator synthesized from annual report texts has inde-
pendent incremental predictive power for financial distress beyond traditional financial
indicators. Consistent results from random-split experiments of four ensemble learning
models demonstrate that the composite feature set combining financial indicators and the
climate resilience indicator outperforms the benchmark model with financial indicators
alone in all predictive dimensions. Further time-series extrapolation tests consistent with
real-world risk control scenarios confirm that the overall AUC of the models rises slightly
after incorporating the climate resilience indicator. Among them, the performance im-
provement of the LightGBM model passes the DeLong statistical significance test. This
proves that climate narrative texts contain forward-looking credit risk information not re-
flected in financial statements and can steadily improve the accuracy of corporate financial
distress identification;

(2) The XGBoost ensemble tree model has the best adaptability to the composite
prediction framework integrating financial indicators and textual climate resilience features.
Horizontal comparison of the test-set performance of four models, including random
forest, XGBoost, LightGBM and AdaBoost, shows that XGBoost achieves superior fitting
results under all three feature combinations: climate indicators only, financial indicators
only, and composite financial-climate indicators. Relying on its underlying algorithm of
iterative residual optimization through serial decision trees, XGBoost efficiently captures
complex nonlinear interactions between structured financial variables and unstructured
textual climate features extracted from annual reports, making it well-suited for the high-
dimensional dataset with weak linear correlations adopted in this paper;

(3) The climate resilience indicator exerts significant synergistic moderating effects
with core corporate financial indicators, and its impacts show industrial heterogeneity be-
tween manufacturing and non-manufacturing sectors. Interaction regression results reveal
that omitting the linkage relationships between climate resilience and financial indicators
such as inventory turnover ratio, EBIT and tangible net worth debt ratio will substantially
underestimate the risk mitigation effect of climate resilience, and the model goodness-of-
fit improves remarkably after adding interaction terms. Grouped regressions show that
climate resilience significantly restrains financial distress risks in both subsamples, yet
the marginal effect is stronger and more statistically significant for manufacturing firms.
Restricted by smaller climate-related operational exposure, non-manufacturing enterprises
exhibit weaker discriminatory power of the climate indicator in risk identification.

(4) The climate resilience indicator has a nonlinear correlation with financial distress
risk and presents differentiated distribution patterns with financial features covering sol-
vency, operating capacity, profitability and cost control. This paper characterizes correlation
patterns among variables based on visualized results of SHAP feature importance and par-
tial dependence plots. Polynomial Logit regression verifies the nonlinear linkage between
climate resilience and financial distress probability. Visual analysis objectively describes
variable distribution within samples, showing that climate resilience presents diverse corre-
lation patterns with multi-dimensional financial indicators, including positive correlation,
negative correlation and piecewise nonlinear relationships.

6. Conclusions
6.1. Theoretical Significance

(1) This paper expands the scope of feature sources for corporate credit risk prediction.
Most existing studies on financial distress are confined to structured accounting indicators

https:/ /doi.org/10.3390/systems14070863


https://doi.org/10.3390/systems14070863

Systems 2026, 14, 863

23 of 27

from balance sheets and income statements, while few explore unquantified soft informa-
tion embedded in the mandatory disclosure texts of annual reports. This paper expands
the climate risk lexicon via Word2Vec and constructs a climate resilience indicator integrat-
ing word frequency and sentiment values. It verifies that mandatory climate narratives
carry independent incremental predictive power, enriches the feature system for credit risk
early warning of green enterprises, and offers a standardized construction framework for
embedding textual information into risk measurement models. The research conclusions
are not limited to the segmented field of green finance and can be extended to studies on
climate disclosure and credit evaluation across all industries;

(2) It supplements the theoretical evidence regarding the nonlinearity, synergies and
industrial heterogeneity between climate risks and corporate financial distress. Most
of the prior literature adopts simple linear models to examine the relationship between
climate factors and corporate risks, neglecting the dynamic marginal effects of variables,
the moderating effects of financial indicators and inter-industry disparities. This paper
comprehensively characterizes multi-layered influence mechanisms through polynomial
discrete choice models, interaction effect tests and grouped regressions. Meanwhile, SHAP
values and partial dependence plots are adopted to endow the black-box machine learning
model with economic interpretability, bridging the research gap between machine learning
prediction and traditional econometric mechanism analysis;

(3) It clarifies the boundary conditions for the validity of textual climate information
under time-series constraints. Most previous relevant studies randomly split the training
and test samples, which overestimates the practical risk control value of textual indica-
tors. This paper adopts a rigorous time-series extrapolation test to distinguish the signal
strength of climate narratives under ideal random splitting and real-world time-series risk
control scenarios. It identifies disturbances to the predictive capacity of climate indicators
arising from industrial heterogeneity and noise in corporate disclosure behaviors, defines
applicable scenarios and limitations where climate texts can generate warning effects, and
improves the theoretical boundary of research on the value of climate information.

6.2. Practical Significance

(1) Market participants, including commercial banks and bond rating agencies, may
incorporate climate narrative texts from listed firms” annual reports into credit evaluation
systems. Quantitative climate resilience indicators can be added to conventional financial
scorecards. With NLP tools, institutions can automatically extract the frequency of climate
risk disclosures and managerial sentiment from annual reports, so as to build composite
financial distress prediction models that combine structured financial data and unstruc-
tured textual information. Ensemble tree algorithms such as XGBoost and LightGBM are
recommended to capture complex interactions between climate indicators and financial
variables. For green manufacturing enterprises, the weight assigned to climate resilience
indicators should be raised to fully exploit the forward-warning function of textual informa-
tion against credit deterioration. In addition, risk control models should adopt time-series
extrapolation training logic to avoid overfitting bias caused by random sample splitting
and objectively assess the actual risk discrimination capacity of climate texts;

(2) Enterprises engaged in green manufacturing, new energy, energy conservation
and environmental protection shall standardize and elaborate their disclosures on climate
transition and climate risks in annual reports. They should actively release positive narra-
tive information concerning low-carbon renovation, responses to extreme climate events
and carbon emission reduction arrangements to elevate their climate resilience and ease
negative expectations of future cash flow deterioration and financial distress held by mar-
kets and financial institutions. Manufacturing firms are especially advised to improve the
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disclosure of climate-related operational information to give full play to the risk-mitigating
function of climate narratives. Corporate management needs to strike a balance between
investment in climate transition and the stability of profitability and turnover indicators,
and leverage sound financial fundamentals to amplify the synergistic risk-mitigation effect
of climate resilience;

(3) Climate-related disclosure of listed companies in China is gradually becoming
mandatory. The empirical findings of this paper provide empirical evidence for optimizing
regulatory rules on climate information disclosure. Regulators can further refine detailed
provisions for climate narrative disclosure in annual reports and unify disclosure require-
ments for climate risk keywords, so as to reduce the textual signal noise resulting from
selective disclosure and vague expressions by enterprises and improve the readability
and quantifiable value of climate information in annual reports. Meanwhile, regulators
can guide the financial industry to establish a standardized measurement framework for
corporate climate resilience, integrate textual climate indicators into the access and ongoing
risk monitoring systems of green credit and green bonds, and improve the risk preven-
tion and control mechanism for investment and financing in green industries by virtue of
forward-looking climate warning information.

6.3. Limitations and Future Prospects

The sample of this paper only covers A-share listed green enterprises, excluding un-
listed small and medium-sized green firms. The annual report disclosure standards of small
and medium-sized entities are relatively inadequate, and whether there are differences
in the risk prediction effect of climate texts remains to be further verified. Second, this
paper constructs a single-dimensional climate resilience indicator solely based on annual
report texts. Future research can integrate multi-channel textual data, including corporate
social responsibility reports, management performance briefings and public news opinions,
to build a comprehensive multi-source climate risk indicator. In particular, leveraging
advanced natural language-processing techniques, such as large language models, could
enhance the extraction and aggregation of risk-related signals from heterogeneous tex-
tual sources [46]. Third, this paper only distinguishes industrial heterogeneity between
manufacturing and non-manufacturing sectors. Subsequent studies can further subdivide
other green sub-sectors, such as new energy, environmental protection equipment, and
carbon trading services, to compare differentiated mechanisms of climate narratives across
segmented industries, thereby uncovering sector-specific transmission channels that are
masked under broad binary classifications. Finally, this paper focuses on short-term fi-
nancial distress prediction. The impact of long-term climate transition risks on corporate
long-term financial stability and the recovery period after falling into financial distress
can serve as directions. Moreover, future work could adopt dynamic panel models or
survival analysis to trace the persistent effects of climate discourse over multiple years
and incorporate similar LLM-based assessment approaches to improve forward-looking
capacity, especially under evolving regulatory and physical climate scenarios.
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