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Abstract

Traditional financial models often fail construction firms by ignoring industry-specific
volatility. This study proposes an Explainable AI (XAI) framework to predict Return on
Assets (ROA) and Debt-to-Equity (D/E) ratios using KOSPI and KOSDAQ data (2015–2024).
It compares a baseline financial dataset (Dataset 1) with an industry-augmented version
(Dataset 2) that incorporates the Producer Price Index (PPI) and labor wages. Using ANN,
LSTM, and RF, the study found that the RF model achieved the highest predictive power
(R2 = 0.7978). Notably, Dataset 2 improved accuracy significantly, reducing the Mean
Absolute Error (MAE) for ROA by approximately 56%. SHAP analysis revealed that rising
rebar and steel prices (PPI_RB) negatively impact both profitability and stability. In contrast,
the concrete price index (PPI_CO) showed a positive influence, reflecting firms’ ability to
manage costs or adjust prices. Crucially, material costs proved far more influential than
labor costs. These findings indicate that supply-chain and raw-material-price indicators are
salient predictors, suggesting that management may prioritize monitoring and mitigating
supply-chain volatility, while causal validation remains beyond the scope of this study.
Ultimately, by leveraging an XAI-based interpretation, this study provides a decision-
making basis for formulating procurement and hedging strategies using raw material price
indices, while also proposing an analytical framework that explains financial performance
in the construction industry from a volatility-oriented perspective.

Keywords: construction finance; machine learning; explainable AI; supply-chain volatility;
profitability prediction

1. Introduction
The fundamental objective of any enterprise is to maximize profit and enhance corporate

value; thus, analyzing financial performance indicators is a pivotal research approach [1].
These indicators explain or predict a firm’s financial health and diagnose its current operational
status. However, while various metrics are employed to forecast bankruptcy or assess financial
characteristics, most existing failure prediction models have been predominantly developed
for the manufacturing sector. This creates a significant mismatch, as construction firms operate
under unique financial structures—characterized by order-based production, progress-based
revenue recognition, and high capital intensity—that manufacturing-centric models fail to
capture [2,3]. Consequently, it is imperative to integrate industry-specific characteristics, such
as competitive intensity and external market dynamics, into the analytical framework [4–6].
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The construction industry is perpetually subject to financial pressures and is no-
toriously sensitive to economic fluctuations. Deterioration in the macro-environment
often triggers a rapid downturn in the construction market, frequently leading to firm
insolvency [7]. Furthermore, the sector is deeply intertwined with the financial system;
particularly in South Korea, the structural reliance on Project Financing (PF) means that
distress within the construction industry can precipitate broader instability across financial
institutions [8]. Amidst these dynamics, the volatility of labor and material costs has inten-
sified, directly impacted by unprecedented global events such as the COVID-19 pandemic
and the Russia–Ukraine war. Consequently, there is an urgent need to incorporate these
external drivers into financial impact assessments and to conduct a granular analysis of the
specific degree of influence exerted by each factor [6].

Historically, traditional statistical methodologies—such as regression and factor
analysis—were predominantly employed to classify and assess the influence of finan-
cial variables through empirical, inductive approaches [9]. However, recent research has
shifted toward exploring the potential of machine learning (ML) models for performance
analysis. In the construction industry, financial issues are often nonlinear and strongly
affected by external shocks, leading to substantial interaction effects among variables; thus,
conventional statistical approaches that focus on linear and static analyses have inherent
limitations in capturing these complex relationships [2,6]. Unlike static statistical methods,
ML offers the distinct advantage of integrating real-time data and continuously learning
from new inputs, enabling a more dynamic and responsive assessment of shifting finan-
cial conditions [7]. Proposing an optimal prediction framework by evaluating various
algorithms not only enhances predictive accuracy but also provides a powerful tool for
informed decision-making and long-term financial sustainability. Furthermore, to address
the drawback of conventional approaches—namely, that they may enable prediction but
provide limited insight into why a given outcome occurs—incorporating an Explainable
AI (XAI) framework allows stakeholders to interpret complex model outputs and derive
actionable insights that were previously obscured. Through this, the proposed approach
can support not only prediction but also variable-level decision-making in practical ap-
plications. While interpretability is vital for external stakeholders, XAI research has often
overlooked their specific requirements. To address this, our framework provides expla-
nations that allow firms to pinpoint the primary drivers of financial distress. Notably,
counterfactual explanations offer specific strategies for recovery, while an evaluation of
feature importance and synergistic interactions provides a broader perspective on the final
model output [10].

Accordingly, this study is structured as follows. To predict the financial performance
of construction firms, we first conducted an in-depth literature review to define input vari-
ables, incorporating additional statistical parameters that capture the unique characteristics
of the construction sector. We then developed two distinct datasets: a baseline financial
dataset and an industry-augmented dataset that reflects specific construction market dy-
namics. For predictive modeling, Return on Assets (ROA) and the Debt-to-Equity (D/E)
Ratio were selected as dependent variables. Utilizing these datasets, we implemented
three representative machine learning models: Artificial Neural Networks (ANN), Long
Short-Term Memory (LSTM) RNNs, and Random Forest. Various validation metrics were
employed to evaluate performance and identify the optimal model–dataset combination.
Furthermore, to investigate the influence of independent variables, we applied SHapley Ad-
ditive exPlanations (SHAP) as a representative XAI algorithm. This experimental approach
not only highlights the importance of utilizing industry-specific variables but also provides
empirical evidence of the distinct financial characteristics inherent in the construction
industry compared to others.
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2. Literature Review
2.1. Financial Risks Rooted in the Structural Characteristics of the Construction Industry

The construction industry possesses intrinsic characteristics that fundamentally dis-
tinguish it from manufacturing and other sectors. It is primarily an order-based industry
where the form and content of each project vary according to individual client requirements,
making standard cost estimation difficult and pre-production inventory impossible [8].
Furthermore, as a labor-intensive sector with relatively low fixed-asset investment, a signif-
icant portion of its assets consists of operation-related current assets—such as inventories
(work-in-progress), loans, and advances—which are subject to high volatility [11]. These
prolonged production cycles inevitably expose firms to significant cost fluctuations. The
construction sector is highly sensitive to macroeconomic shifts and crises, including foreign
exchange crises, the subprime mortgage crisis, and the recent global pandemic, coupled
with surging raw material prices. In particular, the aggressive interest rate hikes by the
U.S. Federal Reserve since 2022 have posed substantial threats to the construction mar-
ket, underscoring the critical importance of financial risk management [12]. Following
COVID-19, delays in material procurement and resource scarcities led to operational disrup-
tions, directly impacting the financial structures of firms. Consequently, the emphasis on
financial risk management has intensified, inextricably linking socio-cultural circumstances
to corporate solvency [11,13].

These pressures result in immediate financial distress, particularly for small and
medium-sized enterprises (SMEs). For sustainable operation, it is essential to manage
factors that reflect the industry’s unique financial profiles [14]. For instance, due to a high
dependency on debt over equity, the Korean construction sector has faced severe financial
health issues related to PF loans [13]. While high exchange rates and interest rates have
played a major role, the impact of surging material and labor costs (inflation) has become
increasingly prominent. Similar trends have been observed in other markets, such as
Malaysia, where the price volatility of key materials like steel and cement significantly
affected firms’ financial status [5]. Therefore, given that economic downturns and rising
interest rates can lead to a surge in financial costs and liquidity crises, it is imperative to
incorporate both structural cost characteristics and financial sensitivities—beyond conven-
tional variables—to accurately predict the financial performance of construction firms.

2.2. Key Indicators and Frameworks for Predicting Financial Performance in Construction

To evaluate the financial performance of construction firms, a diverse array of financial
statement-based indicators is systematically utilized. Among these, profitability metrics
such as Return on Assets (ROA) and Return on Equity (ROE) play a pivotal role due to their
direct linkage with capital structure [15]. ROA represents a firm’s capability to generate
net income from its total assets, serving as a measure of how efficiently a construction
enterprise utilizes its equipment, site assets, and overall resources to generate revenue and
profit [16]. Simultaneously, ROE indicates the net income realized relative to shareholder
equity. It evaluates the effectiveness of resource utilization based on profits that reflect the
industry’s unique cost structures, including selling, general, and administrative expenses
and total sales [17]. Since these profitability indicators are directly influenced by the
leverage structure—specifically, debt ratios and equity scale—a balanced combination of
debt and equity is considered an essential element for ensuring long-term profitability and
enhancing corporate value in project-based industries like construction [18].

Furthermore, liquidity acts as a crucial variable in predicting financial performance,
as the cashability of assets directly impacts corporate value and investment capacity [19].
For construction firms, liquidity levels are often constrained by project delays, accounts
receivable collection periods, and the composition of working capital, which can exacerbate
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financial constraints. Interestingly, some studies suggest that excessive liquidity may lead
to inefficient over-investment [16]. In addition to liquidity, Total Asset Turnover, which
demonstrates the efficiency of revenue generation relative to total assets (including both
debt and equity), serves as a key metric for evaluating the activity of construction firms. Due
to the asset-intensive nature of industry—where equipment, site assets, and current assets
are fixed in the production process—asset turnover directly reflects operational efficiency,
construction execution capability, and revenue realization structures. Thus, along with
profitability and leverage, asset turnover constitutes a major pillar of the activity-based
variable system for predicting financial performance [20]. In this context, asset management
efficiency, leverage levels, and liquidity indicators are established as the core framework
for systematically forecasting construction financial performance. Currently, the industry’s
status is primarily monitored through financial performance indicators, compliance with
ESG guidelines, maintenance of financial transparency, and assessments of operational
sustainability [21,22].

2.3. Theoretical Background of Financial Ratio Analysis and Performance Prediction

Predicting financial ratios serves as a critical analytical tool for identifying a firm’s
financial standing and management performance. These ratios have been extensively uti-
lized to evaluate financial soundness and bankruptcy probability, providing indispensable
information for corporate strategy formulation and investment decision-making. Conse-
quently, a wide range of studies have been conducted in this field. For instance, Zeitun
and Tian [1] analyzed the performance of Jordanian firms by employing ROA, ROE, and
the market-to-book value ratio as dependent variables, while using the total debt-to-total
assets ratio and total debt-to-total equity ratio as independent variables. Their research
demonstrated that corporate debt ratios, particularly short-term debt, negatively impact
ROA and EBITDA, yet exert a positive influence on market performance.

Additionally, Heikal et al. [23] examined automotive companies within the Indone-
sian stock market, utilizing ROA, ROE, Net Profit Margin, D/E Ratio, and the Current
Ratio as key variables. Through multiple regression analysis and classical hypothesis
testing, they identified that ROA and ROE have a significant and positive effect on profit
growth. Furthermore, it was observed that while ROA contributes positively to a firm’s
profit growth, the Current Ratio may have a negative impact on it [24]. In the specific
context of construction firms, research comparing healthy and distressed companies has
been conducted using statistical methods. Lim and Choi [22] identified that the Equity
Ratio, Total Asset Turnover Ratio, and Labor Equipment Ratio are pivotal indicators for
maintaining stable management. Furthermore, Choi et al. [24] proposed a financial distress
prediction model for construction companies by leveraging variables such as ROA, ROE,
Total Asset Turnover, Debt Ratio, Current Ratio, and Return on Sales (ROS). Their study
established an optimal predictive framework by comparing the performance of Support
Vector Machines, Logistic Regression, and Decision Trees. Similarly, to predict bankruptcy
among U.S. construction firms, Jang et al. [25] utilized an LSTM RNN model. Their analysis
integrated accounting variables—including ROA, ROE, ROS, the ratio of liquid assets
to net assets, and the ratio of working capital to total assets—with construction market
indicators and macroeconomic variables. The results demonstrated that models incor-
porating market and macroeconomic variables exhibit superior predictive performance,
highlighting the effectiveness of multi-dimensional data in forecasting. In recent years,
the integration of XAI has increasingly facilitated decision-making by evaluating the influ-
ence of specific variables on model outputs and providing a clearer understanding of the
underlying operational mechanisms of AI [10]. This approach is being actively adopted
within the financial sector as well. For instance, studies have utilized the SHAP (SHapley
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Additive exPlanations) methodology to identify the relative importance of various feature
characteristics [26]. Furthermore, XAI has been widely employed in finance to bridge
the performance gap where simple, interpretable models often lack the accuracy of their
complex counterparts. Specifically, SHAP was applied to measure feature importance in
financial distress prediction models [27]. Similarly, by applying SHAP to P2P lending
evaluation, researchers have enhanced the interpretability of machine learning models,
demonstrating their ability to reflect non-linearities and structural changes in the relation-
ship between specific features and target variables [28]. Beyond traditional finance, these
methodologies have expanded into real estate, where they are used to analyze how energy
efficiency and carbon emission reduction characteristics affect transaction data, thereby
supporting rational decision-making through variable impact analysis [29]. Consequently,
XAI enhances the explicability of financial forecasting models and fosters trust by enabling
stakeholders to understand the reasoning behind AI-driven judgments on both local and
global scales [26].

Ultimately, while financial ratio research has been extensively conducted across vari-
ous sectors, it is consistently argued that the relevance and influence of financial variables
differ according to industry-specific characteristics and structures [6,30]. Particularly, the
construction industry possesses a unique financial structure characterized by project-based
operations and high sensitivity to fluctuations in raw material prices and labor costs. There-
fore, a specialized approach that reflects these industry-specific factors must be pursued in
financial analysis [31].

2.4. Synthesis of Prior Studies and Research Gap

Based on the analysis of the relevant literature, it was observed that while financial
ratio analysis, capital structure research, and machine-learning-based analytics are cur-
rently being conducted in the construction industry, a critical methodological gap persists.
Previous studies have predominantly relied on static financial indicators derived from
accounting statements to explain firm performance and financial distress in construction
firms [2,22,24]. Several studies have attempted to extend traditional financial models by
incorporating macroeconomic or market-level variables, such as interest rates or market
indices, to improve predictive performance [5,25]. However, these variables are typically
treated as exogenous background factors and do not explicitly represent the operational
cost mechanisms through which supply-chain disruptions affect firm-level profitability and
capital structure.

Current AI-based forecasting frameworks primarily utilize standard accounting indi-
cators, yet they frequently fail to structurally incorporate sector-specific risk mechanisms,
relegating them to supplementary features [32]. Nevertheless, the adoption of advanced
machine learning algorithms has yielded substantial gains in accuracy, particularly when
addressing the complexities of medium- and long-term financial distress horizons within
the construction sector [33]. However, these models frequently suffer from excessive
abstraction, where critical elements of supply-chain volatility, such as material cost fluc-
tuations and labor market instability, are subsumed into aggregate firm-level financial
performance. A similar limitation is observed in the analysis of ESG-related financial
outcomes. While recent cross-national comparative studies empirically demonstrate that
liquidity, leverage, and profitability exert varying impacts on corporate resilience and ESG
performance depending on the specific regulatory and market environments within the
construction industry [6,8,34], these financial indicators are often conceptualized as either
outcome-oriented or structurally static variables. Consequently, existing frameworks fail to
provide a sufficient explanation of how exogenous cost shocks, such as volatility in raw
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material prices or labor costs, propagate through operational margins and capital structures
over time.

Taken together, the existing literature suggests that although machine learning tech-
niques have substantially enhanced predictive accuracy in construction finance research, a
clear methodological lacuna persists regarding the dynamic integration of supply-chain
cost volatility into financial performance prediction frameworks. Thus, there is a critical
need for a model capable of processing multifaceted variables to provide explainable in-
sights into the relationship between external supply-chain shocks and internal financial
indicators, thereby bridging the current methodological gap.

3. Research Design
The analytical framework of this study is designed based on the causal hypothesis

that the financial performance of construction firms is structurally shaped by two core
production inputs—labor and material costs—and that financial outcomes emerge through
a cost pass-through and efficiency mechanism in which labor and material costs affect oper-
ating margins, which in turn influence capital structure and ultimately determine financial
performance [18]. As shown in Figure 1, to empirically test this mechanism, two parallel
datasets were constructed using financial statement data of listed construction firms: a base-
line dataset (Dataset 1) composed of conventional financial indicators such as profitability,
liquidity, leverage, and activity ratios, and an extended dataset (Dataset 2) that incorpo-
rates construction-specific labor and material cost indices. The difference in predictive
performance between these two datasets enables identification of the marginal explanatory
power of construction production inputs on corporate financial outcomes. To ensure a
time-aware learning setup across all models, we reformulated the quarterly panel into a
supervised learning dataset using a fixed lookback window of four quarters. Given the
temporal nature of quarterly data, we used a time-series-aware cross-validation (10 splits;
expanding window) within the training period to avoid training on future observations [35].
To examine the structural stability of the cost–performance relationship across different
functional forms and temporal dependencies, multiple learning architectures—including
RF, ANN, and LSTM models—were employed to predict financial performance. Despite
the arguably limited volume of data, these models were implemented not only to compare
analytical outcomes but also to characterize the data patterns inherent in the construction
industry based on the model outputs. Model accuracy was evaluated using standard
metrics such as RMSE, MAE, and R2. Moreover, sensitivity analysis was introduced to
validate the model. Finally, Shapley Additive Explanations (SHAP) were applied to decom-
pose firm-level predictions into the contributions of labor costs, material costs, and other
financial variables, thereby enabling quantitative identification of which production inputs
drive financial vulnerability or performance at the firm level [9]. In this way, the proposed
framework moves beyond pure predictive comparison and transforms construction firm
financial performance into a production-input-based interpretable structure, offering an
explainable financial risk analysis system that departs from traditional accounting-oriented
construction finance research.

 

Figure 1. Research Progress.
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3.1. Data Collection

To predict the financial performance of construction firms and to compare predictive
accuracy across different modeling approaches, this study selected construction compa-
nies listed on the Korea Composite Stock Price Index (KOSPI) and the Korea Securities
Dealers Automated Quotations (KOSDAQ) markets as the analytical sample. Using data
from 2015 to 2024, twenty firms with complete financial records over the observation pe-
riod were identified. Since the data are published on a quarterly basis, the relevant data
could be collected accordingly, enabling the subsequent analysis. Two datasets were con-
structed: Dataset 1, which includes only financial variables, and Dataset 2, which augments
the financial variables with non-financial cost variables related to material and labor costs.
The difference in financial performance prediction accuracy between the two datasets was
used to assess the explanatory contribution of construction cost structures.

Firm-level financial statement data were collected from the Data Analysis, Retrieval
and Transfer System (DART), operated by the Financial Supervisory Service of Korea. The
variables used in this study and their definitions are presented in Table 1. Following prior
studies, financial indicators were categorized into four dimensions—profitability, liquidity,
leverage, and activity—and corresponding variables were defined accordingly [6,16]. Prof-
itability indicators included return on equity (ROE), selling and administrative expenses,
and total sales, reflecting the firm’s capital-based earning capacity. While ROE and the
dependent variable (ROA) share ‘net income’ as a common numerator, diagnostic tests
were conducted to ensure statistical independence. The Pearson correlation between the
two was 0.254, and the Variance Inflation Factor (VIF) was 1.114, significantly below the
conventional threshold (VIF < 5–10) [21]. Consequently, this suggests that the two indi-
cators maintain statistical independence while providing complementary explanations of
firm profitability from different perspectives. Liquidity indicators consisted of the current
ratio and working capital to total assets, which capture the firm’s short-term solvency
and asset liquidity. Leverage was represented by the debt ratio and shareholders’ equity,
measuring the firm’s capital structure and financial stability. Activity was measured using
total asset turnover to evaluate the efficiency with which firms utilize their assets.

Table 1. Description of the variables.

Variable Category Variable Description Literature Review

Independent
Variable

Profitability

Return on Equity

An indicator of how much profit a
company generates with its equity;

calculated by dividing net income by
average equity.

Cheng et al. (2014) [36],
Tserng et al. (2015) [37],

Jang et al. (2019) [25]

Selling Expenses
Total costs incurred in relation to the

sale of goods or services
(e.g., advertising, sales commissions).

Seo et al. (2024) [6]

Administrative Expenses

Total costs incurred from general
management and maintenance activities

(e.g., salaries, rent,
communication expenses).

Seo et al. (2024) [6],
Ptok et al. (2018) [38]

Total Revenue
The total sales revenue achieved
through core business activities

represents the company’s external scale.

Graham et al. (1998) [39],
Seo et al. (2024) [6]

Liquidity

Current Ratio

An indicator to evaluate a company’s
short-term debt-paying ability;

calculated by dividing current assets by
current liabilities.

Kangari et al. (1992) [40],
Horta & Camanho (2013) [41],

Cheng et al. (2014) [36],
Tserng et al. (2015) [37],

Jang et al. (2019) [25]

Working Capital to
Total Assets

The proportion of net working capital
(current assets—current liabilities)

within total assets, representing the
company’s short-term

financial flexibility.

Kim (2019) [42]
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Table 1. Cont.

Variable Category Variable Description Literature Review

Independent
Variable

Leverage

Equity Ratio

An indicator representing the
proportion of total equity within total

assets, calculated by dividing total
equity by total assets.

Lim and Choi (2015) [22]

Total Equity

Net assets remain after subtracting total
liabilities from total assets, consisting of
capital contributed by shareholders and

retained earnings.

Graham et al. (1998) [39]

Activity Total Asset Turnover
An indicator of how efficiently

a company uses its total assets to
generate revenue.

Cheng et al. (2014) [36],
Oh & Yeo (2019) [43],
Jang et al. (2019) [25]

Construction
Material Input

Costs

Producer Price Index (PPI)
for Major Materials

(Cement, Ready-mixed
concrete, Concrete,

Rebar & Steel bars, Metal
products, Plastics)

Data on various construction materials
based on the Producer Price Index (PPI)

provided by the Bank of Korea.

The Bank of Korea
(2024) [44]

Labor Costs

Prevailing Wage by Trade
(Rebar workers, Concrete

workers, Formwork
carpenters, Plasterers)

Standard labor cost indices based on the
prevailing wage rates published by the

Construction Association of
Korea (CAK).

Construction Association of
Korea (2025) [45]

Dependent
Variable

Profitability

Return on Assets (ROA)
The ratio of net income generated

relative to the company’s total assets
(liabilities + equity).

Saputra (2022) [16],
Choi et al. (2018) [24]

Debt-to-Equity Ratio

A stability indicator showing the
relationship between liabilities and
equity; calculated by dividing total

liabilities by total equity.

Cheng et al. (2014) [36],
Jang et al. (2019) [25]

Raw material cost information was obtained from the Producer Price Index (PPI)
published by the Bank of Korea through its Economic Statistics System [44]. To reflect
the cost structure specific to construction firms, PPIs were selected for major construction
materials, including cement (PPI_CE), ready-mixed concrete (PPI_RE), concrete products
(PPI_CO), reinforcing bars and steel rods (PPI_RB), metal forms for construction (PPI_CM),
and plastic construction materials (PPI_PL). These indices were used to analyze how
fluctuations in material costs affect financial performance prediction. Moreover, rather than
relying on a single aggregated price measure, the use of material-specific PPIs enabled
the model to capture heterogeneous input-cost movements across different construction
materials. Labor cost variables were constructed to reflect the labor-intensive nature of the
construction industry and were aligned with the material cost variables. Four representative
occupations with high daily wages and significant cost shares were selected: reinforcing
steel workers (Labor_RE), concrete workers (Labor_CO), formwork carpenters (Labor_FW),
and plasterers (Labor_PL). Labor cost data from 2015 to 2024 were collected from the
Construction Wage Survey Reports published by the Construction Association of Korea.

The dependent variables were return on assets (ROA) and the D/E ratio. Among
the commonly used financial performance indicators, ROA and ROE are the most widely
applied measures of profitability [42,44]. ROA was selected because it is particularly
appropriate for the construction industry, which typically operates with relatively low
fixed capital and thus relies on asset-based performance evaluation. The D/E ratio was
selected as a key indicator of financial soundness, as capital structure and leverage exert a
substantial influence on corporate financial performance. Together, these two dependent
variables allow for a comprehensive assessment of both profitability and financial stability.

3.2. Data Pre-Processing

During the data preprocessing phase, a standardization (scaling) technique was em-
ployed to eliminate scale discrepancies among the variables. This study utilized the Stan-
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dardScaler from the Scikit-learn library, which transforms the data to have a mean of 0 and
a variance of 1 for each variable, as expressed in Equation (1). This standardization process
ensures that no single variable exerts a disproportionate influence during model training,
thereby establishing comparability across all features [46].

Z = (X − u)/S (Z: Standardized Coefficient, X: data, u: average, S: standard deviation) (1)

To evaluate the model’s generalization performance and mitigate the risk of overfitting,
a time-series aware K-fold cross-validation approach (K = 10) was implemented [47]. Unlike
standard K-fold methods that rely on random shuffling, this approach strictly adheres to
the chronological order of the observations, thereby ensuring that no future information
is used to predict past outcomes. As illustrated in Figure 2, the dataset is partitioned into
10 sequential subsets; at each iteration, the training set consists solely of data points that
occurred prior to the validation set, following an expanding-window scheme. In this design,
each fold’s validation set effectively serves as a temporally separated test set, meaning
that the train–test temporal separation is inherently enforced at every iteration without
requiring a separate hold-out set. The reported performance metrics represent the average
across all 10 folds, providing a reasonable estimate of out-of-sample predictive accuracy.

Figure 2. Schematic algorithm process of K-fold cross-validation.

Additionally, all preprocessing parameters, including standardization coefficients,
were fit only on the training folds and then applied to the corresponding validation fold,
thereby avoiding potential information leakage at the data processing level [48]. Through
this procedure, each sub-dataset serves as the validation set exactly once within a tempo-
rally consistent sequence, minimizing variance in model accuracy and offering a reliable
assessment of predictive performance.

All models in this study were implemented using Python 3.11 within the Google Colab
environment. Specifically, we developed Artificial Neural Network (ANN), Recurrent
Neural Network (RNN), and Random Forest (RF) models leveraging the Scikit-learn and
TensorFlow libraries. These representative artificial intelligence algorithms facilitate the
identification of independent variables that significantly influence the dependent variable
through a comparative analysis of their outputs. The computational experiments were
conducted on a workstation equipped with an Intel Xeon Silver 4216 CPU (@ 2.1 GHz; Intel
Corp., Santa Clara, CA, USA), 192 GB of RAM, and an NVIDIA TITAN RTX GPU (NVIDIA
Corp., Santa Clara, CA, USA), with a total storage capacity of 10 TB.
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3.3. Data Analysis

The ANN model utilized in this research is inspired by the biological neural networks
of the human brain. It is structured into three primary components: an input layer, hidden
layers, and an output layer, with the specific architecture illustrated in Figure 3. The process
involves receiving variable-related data at the input layer, conducting training through
the hidden layers, and subsequently generating results at the output layer [21]. A key
advantage of ANN is its robustness in modeling complex and non-linear relationships
between input and output variables that are otherwise difficult to define. Furthermore,
its ability to process both continuous and discrete variables contributes to its superior
predictive performance across diverse datasets.

 

Figure 3. ANN Model Architecture.

LSTM RNNs were specifically developed to capture sequential and temporal patterns
within time-series data. The implementation of this model enables the identification of tem-
poral dependencies within the financial performance outcomes of long-term construction
projects. The structure of this model is presented in Figure 4. LSTM was originally proposed
to address the challenge of maintaining short-term memory over longer periods [49]. In
this architecture, standard hidden neurons are replaced by LSTM blocks. These blocks
consist of memory cells and specialized gates that play a crucial role in learning long-range
dependencies by precisely controlling the storage and flow of information [25]. Each gate
utilizes a mechanism to determine whether to accept information at each cell; these cells are
composed of sigmoid neural net layers and pointwise multiplication operations to facilitate
effective information transmission.

The Random Forest model, as shown in Figure 5, is an ensemble learning method
that enhances predictive performance by aggregating the results of multiple Decision Trees
(base learners). Its objective is to build a robust model by combining several base algorithms
through bagging (bootstrap aggregating) and randomness. This involves generating multi-
ple training subsets via resampling with replacement and training independent decision
trees on each. This process effectively reduces model variance and prevents overfitting [50].
During node splitting, the optimal criteria are selected from a random subset of features,
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increasing tree diversity and reducing correlation. Beyond high predictive accuracy, RF
provides a feature importance evaluation, which is instrumental in identifying the key
factors influencing the predictions.

Figure 4. LSTM RNN Architecture.

Figure 5. RF model Architecture.

To ensure model transparency and reproducibility, the hyperparameters for each
model were determined through a systematic Grid Search process. The search space
included varying learning rates (0.01 to 0.0001), batch sizes (16 to 64), and structural config-
urations. For example, for the ANN, the number of hidden layers was tested from 1 to 3,
with neurons ranging from 16 to 128 per layer. Similarly, the RF model was optimized by
fine-tuning the number and depth of its individual decision trees. In the case of the LSTM,
the initial lookback window was set to 4 quarters to align with the annual reporting cycle
of the construction industry, as quarterly financial data inherently reflects annual cyclicality.
This domain-informed selection was subsequently validated through sensitivity analysis
across alternative windows of 2 and 6 quarters. The final hyperparameter combination for
each model was selected at the point where errors were minimized, or performance metrics
were optimized within the validation dataset; this approach was specifically designed to
maximize generalization performance and mitigate the risk of overfitting while maintaining
robust predictive power.
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3.4. Model Evaluation and Validation

To evaluate the performance and compare the accuracy of the prediction models, we
utilized metrics including Mean Absolute Error (MAE), Mean Absolute Percentage Error
(MAPE), Root Mean Squared Error (RMSE), and the Coefficient of Determination (R2) [51].
These performance metrics play a critical role in verifying the accuracy and predictive
power of a model by measuring the discrepancies between the predicted values and the
actual observed values.

Mean Absolute Error (MAE) directly reflects the average of the absolute errors be-
tween the predicted values (ŷk) and the observed values (yk); therefore, a smaller MAE
indicates superior predictive performance [52]. While MAE is a robust metric that is less
sensitive to outliers and allows for a straightforward evaluation of a model’s predictive
capability, it does not account for the direction of the errors, which can sometimes lead to
an underestimation of the actual error. Consequently, it is essential to utilize other metrics
in conjunction with MAE.

MAE = (1/n) Σ |ŷk − yk| (2)

Mean Absolute Percentage Error (MAPE) represents the average percentage error
between predicted and actual values, making it particularly useful for comparing data
across different scales. MAPE enables an intuitive assessment of prediction accuracy by
calculating errors as percentages, allowing for consistent evaluation regardless of the data’s
magnitude. However, it has a limitation in that it can produce disproportionately large
errors when the actual values are close to zero [53].

MAPE =
100
n ∑n

k=1

∣∣∣∣yk − ŷk
yk

∣∣∣∣ (3)

Root Mean Squared Error (RMSE) is the square root of the Mean Squared Error
and provides the standard deviation of prediction errors. Since it takes the square root
after averaging the squared errors, it restores the error to the same units as the original
data, allowing for an intuitive interpretation [54]. A lower RMSE value indicates higher
predictive accuracy. Because RMSE is sensitive to outliers, using it in conjunction with
MAE allows for a more precise evaluation of model performance [55].

RMSE =

√
1
n∑(yk − ŷk)

2 (4)

Lastly, the Coefficient of Determination (R2) is a metric representing the correlation be-
tween predicted and actual values, evaluating how well independent variables explain the
dependent variable in a regression model. A value closer to 1 indicates higher explanatory
power. However, R2 has a characteristic where its value increases as the number of inde-
pendent variables grows, even if those variables do not significantly affect the dependent
variable. This can lead to an overestimation of the model’s actual utility. Therefore, judging
the validity of a regression model solely based on R2 has limitations; to address this, the
Adjusted R2 was utilized for evaluation.

To ensure the robustness of the predictive models and address potential sensitivity to
temporal parameters, a sensitivity analysis was conducted during the validation phase by
systematically varying the lookback window size. While the primary analysis utilizes a
4-quarter window to capture annual cyclicality, alternative windows of 2 and 6 quarters
were additionally applied to verify the models’ stability across diverse temporal horizons.
This analysis was specifically performed on the LSTM and RF models, as their architec-
tures are structurally more sensitive to window configuration: LSTM processes sequential
dependencies through its gating mechanism, while RF’s tree-splitting structure is directly
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affected by the dimensionality of lag-based features. In contrast, the ANN treats the flat-
tened lookback inputs as a static feature vector without encoding temporal order; thus,
changes in window length merely alter the input dimensionality rather than fundamentally
modifying the model’s learning dynamics, making a separate window-based sensitivity
analysis less informative for this architecture.

Following this evaluation, the influence of independent variables on the model’s pre-
dictions was assessed. Given that an analysis of influence is required based on the flexibility
of each model’s explanation and representation, a model-agnostic method was applied.
This approach treats the original model as a black box, deriving explanations generated post
hoc without relying on the internal structure of the model [56]. Among various methods,
this study employed the SHAP (SHapley Additive exPlanations) technique.

SHAP is a game theory-based method that excels in quantitatively clarifying and
visualizing the contribution of individual input features to the machine learning model’s
predicted values [9]. SHAP values dynamically demonstrate how interactions between
features affect the probability of risk and the role each feature plays at an individual
level [57]. Therefore, the main contribution of this study is the proposal of an explainable
model that predicts corporate profitability based on each variable, while further identifying
which material- and labor-related cost factors exert direct influence on these predictions by
applying an ensemble learning model and SHAP to analyze the key risk factors underlying
the outcome.

4. Results
4.1. Comparative Analysis of Predictive Capabilities Introduced by Machine Learning

This study compared the predictive performance of ANN, LSTM, and Random Forest
algorithms for predicting the Return on Assets (ROA) and D/E Ratio of construction firms
using Dataset 1 and Dataset 2.

The hyperparameters used to obtain the ROA prediction results in this study are
summarized in Table 2. Moreover, the performance results of each model for ROA predic-
tion are presented in Figure 6a,b, derived from Dataset 1 and Dataset 2, respectively. The
evaluation of each model’s performance is detailed in Table 3.

Table 2. Hyperparameter applied in model for ROA prediction.

Applied Model Dataset Hyperparameter

ANN
Dataset 1 Lookback Window: 4, Layer 1: 64 nodes (ReLU), Layer 2: 32 nodes (ReLU), Output Layer:

1 node (Linear), Optimizer: Adam (Learning Rate: 0.001), Epochs: 150, Batch Size: 32Dataset 2

LSTM RNN
Dataset 1 Lookback Window: 4, Layer 1: 64, Layer 2: 32, Activation: tanh, Dense Layer: 16, Dense

Activation: ReLU, Optimizer: Adam (Learning Rate: 0.001), Epochs: 150, Batch Size: 32Dataset 2

RF
Dataset 1 Lookback Window: 4, n_estimators: 200, max_depth: 15, min_samples_split: 2,

min_samples_leaf: 1, random_state: 42, bootstrap: True

Dataset 2 Lookback Window: 4, n_estimators: 500, max_depth: 20, min_samples_split: 2,
min_samples_leaf: 1, random_state: 42, bootstrap: True

The experimental results demonstrate that the Random Forest (RF) model exhibited the
most superior performance in predicting ROA across all scenarios. The RF model recorded
the highest Coefficient of Determination (R2) and the lowest error rates (RMSE and MAE)
for both datasets. Notably, in Dataset 2, which incorporated material and labor costs, the
RF model achieved an R2 of 0.7978, proving its ability to explain approximately 80% of the
variance in ROA. In contrast, the ANN model maintained a respectable performance with
an R2 in the 0.61 range. However, the LSTM model, characterized by its gated structure,
showed relatively lower predictive power (R2 0.52–0.53) within the data environment of
this study, indicating limitations in predicting ROA based on static data.
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(a) (b) 

Figure 6. Result of ROA Prediction by applying various models. (a) ROA Prediction from Dataset 1;
(b) ROA Prediction from Dataset 2.

Table 3. Model Performance for ROA Prediction.

Applied Model Dataset RMSE MAE R2 Adj-R2 MAPE

ANN
Dataset 1 0.6171 0.2099 0.6186 0.5930 1.6829
Dataset 2 0.6226 0.2043 0.6118 0.5497 1.2527

LSTM RNN Dataset 1 0.6860 0.2236 0.5279 0.4962 1.5039
Dataset 2 0.6829 0.2413 0.5331 0.4572 1.5515

RF
Dataset 1 0.4667 0.1574 0.7819 0.7673 1.1678
Dataset 2 0.4522 0.1730 0.7978 0.7649 0.5125

Analysis of performance variations based on dataset composition confirmed that
predictive accuracy improved significantly when actual operational cost variables—such
as material and labor costs—were included alongside financial indicators (Dataset 2). For
the RF model specifically, the error metric (MAE) decreased from 1.1678 in Dataset 1 to
0.5125 in Dataset 2, representing a reduction of approximately 56%. This suggests that
in industries where the cost of goods sold (COGS) is a dominant factor in determining
ROA, information on material and labor costs serves as essential variables for accurate
profitability prediction.

Similarly, the algorithms were applied and evaluated for D/E ratio prediction, and the
corresponding hyperparameters for each dataset are reported in Table 4. As a result, the
predictive performance results for the D/E Ratio of each model are presented in Figure 7
and Table 4 below. Figure 7a illustrates the analysis results based on Dataset 1, while
Figure 7b represents the results based on Dataset 2.

https://doi.org/10.3390/buildings16040840

https://doi.org/10.3390/buildings16040840


Buildings 2026, 16, 840 15 of 25

Table 4. Hyperparameter applied in model for D/E prediction.

Applied Model Dataset Hyperparameter

ANN
Dataset 1 Lookback Window: 4, Layer 1: 64 nodes (ReLU), Layer 2: 32 nodes (ReLU), Output Layer: 1

node (Linear), Optimizer: Adam (Learning Rate: 0.001), Epochs: 1000, Batch Size: 32Dataset 2

LSTM RNN
Dataset 1 Lookback Window: 4, Layer 1: 64, Layer 2: 32, Activation: tanh, Dense Layer: 16, Dense

Activation: ReLU, Optimizer: Adam (Learning Rate: 0.001), Epochs: 100, Batch Size: 32Dataset 2

RF
Dataset 1 Lookback Window: 4, n_estimators: 150, max_depth: 4, max_features: sqrt,

min_samples_split: 10, min_samples_leaf: 5, random_state: 42, bootstrap: True

Dataset 2 Lookback Window: 4, n_estimators: 100, max_depth: 6, max_features: sqrt,
min_samples_split: 10, min_samples_leaf: 5, random_state: 42, bootstrap: True

 
(a) (b) 

Figure 7. Result of D/E Prediction by applying various models. (a) D/E Prediction from Dataset 1;
(b) D/E Prediction from Dataset 2.

In the prediction of the Debt-to-Equity (D/E) Ratio, the Random Forest (RF) model
once again demonstrated the highest predictive accuracy. As shown in Table 5, the RF
model outperformed other models across all evaluation metrics. Notably, in the Dataset 2
environment, it recorded an R2 of 0.7978, precisely predicting the capital structure variations
of firms at an approximately 80% confidence level.

The ANN model also exhibited respectable performance in predicting the debt ratio.
In Dataset 2, the ANN recorded an R2 of 0.7513 and an RMSE of 0.5015, showing the
second-highest reliability after the RF model. In contrast, the LSTM model remained
within the R2 0.66 range, appearing relatively inefficient for predicting static financial
structures. Similarly, the analysis of Dataset 2 revealed a reduction in the model’s error
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margins. This indicates that the debt ratio is not explained solely by financial indicators
but is directly influenced by profitability through operational cost management efficiency,
such as material and labor costs. This supports the premise that the additional material
and labor cost variables are significant independent variables that contribute substantially
to predicting the debt ratio, rather than serving as unnecessary noise. Specifically, the RF
model’s lowest RMSE (0.4521) signifies the minimal discrepancy between actual corporate
debt levels and the model’s predicted values, thereby enhancing its potential as a tool for
corporate financial risk management in the future.

Table 5. Model Performance of D/E Prediction.

Applied Model Dataset RMSE MAE R2 Adj-R2 MAPE

ANN Dataset 1 0.5084 0.2055 0.7444 0.7272 0.8008
Dataset 2 0.5015 0.1807 0.7513 0.7109 0.5398

LSTM RNN Dataset 1 0.5780 0.2354 0.6695 0.6474 0.8748
Dataset 2 0.5819 0.3017 0.6652 0.6108 1.1255

RF
Dataset 1 0.4636 0.1655 0.7875 0.7732 0.4629
Dataset 2 0.4521 0.1731 0.7978 0.7649 0.5126

Based on the analysis of these results, the Random Forest (RF) model demonstrated su-
perior performance in predicting both ROA (a profitability indicator) and the Debt-to-Equity
Ratio (a financial soundness indicator). In particular, a significant improvement in predic-
tive power across all models was observed when operational cost elements—specifically
material and labor costs—were integrated (Dataset 2) into the traditional financial indicators
(Dataset 1).

Finally, to ensure the reliability of the proposed framework, a sensitivity analysis was
conducted by varying the lookback window settings for the LSTM and RF models. As
noted in Section 3.4, the ANN was excluded from this analysis because its fully connected
architecture processes the lookback window as an unordered feature vector, rendering
its performance comparatively invariant to window length adjustments. As illustrated in
Figure 8, the RF model demonstrated remarkably stable predictive performance, maintain-
ing an R2 value within a consistent range of 0.78 to 0.80 for Debt-to-Equity (D/E) ratio
predictions, even as the window size was adjusted from 2 to 6 quarters. In contrast, the
LSTM model exhibited significant fluctuations in performance depending on the window
size. This suggests that, given the current data scale, ensemble-based RF models are more
effective than deep learning architectures at capturing the specific types of temporal depen-
dencies inherent in this dataset. These findings confirm that adopting a 4-quarter setting
as the primary analytical index is statistically robust; it avoids overfitting and remains
unbiased toward specific parameter configurations, thereby accurately reflecting actual
industry volatility.

Quantitatively, the Random Forest model substantiated its optimal explanatory power
by achieving an R2 of 0.7978 for both indicators. The superiority of the RF model stems
from its structural robustness and its fit for the dataset’s specific properties. By utilizing an
ensemble approach that averages the outputs of multiple trees, RF provides a framework
that effectively dampens errors and prevents overfitting. Unlike models that rely solely
on numerical optimization, RF’s ability to split data based on relative ranks allows it to
learn nonlinear interactions more effectively. This makes the model particularly resilient
to potential distortions arising from the heterogeneous relationships between financial
ratios and supply-chain cost variables, thereby leading to more reliable performance.
Furthermore, the ANN model also evidenced that real-world cost data is a key driver
in predicting financial structures, as its Mean Absolute Error (MAE) for the debt ratio
decreased from 0.2055 to 0.1807 upon the inclusion of cost variables. These findings
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highlight the critical role of operational cost information in enhancing the accuracy of
corporate financial performance forecasting. Even with a relatively limited dataset, this
approach enabled a comparison between the ANN’s nonlinear baseline and the LSTM’s
temporal-dependence baseline, thereby examining the extent to which construction-specific
variables improve predictive performance. However, the relatively lower predictive power
of the LSTM RNN indicates that the dataset in this study may be more strongly governed by
the heterogeneity of firm-level financial structures rather than by temporal dependencies.
This comparative setup allows us to isolate the incremental contribution of construction-
specific cost variables across model classes.

Figure 8. Sensitivity Analysis results.

4.2. Variable Influence Analysis Using SHAP Analysis

Random Forest performs predictions through multiple decision trees and allows
for the evaluation of variable importance. However, as variable importance alone has
limitations in identifying whether a variable’s impact on the dependent variable is positive
or negative, SHAP analysis was conducted to analyze the contribution of each independent
variable to the model’s predictions. In the SHAP summary plots, each dot represents an
individual data point, while the color indicates the feature value (high or low). The X-axis,
representing the SHAP value, serves as a key metric showing the extent of each variable’s
influence on the model’s predicted outcome.

The ROA analysis results for Dataset 1 (Financial Variables) are shown in Figure 9a.
The analysis identified Return on Equity (ROE) as the most dominant variable. Higher
ROE values (indicated in pink) exerted a strong positive (+) influence on ROA predictions,
implying that a firm’s superior capability in utilizing equity is proportional to its overall
asset-based profit generation capacity. Although the two metrics are structurally linked
through their shared reliance on net income, the minimal multicollinearity confirms that
ROE provides distinct informational value rather than simple redundancy. Specifically, ROE
functions as a key antecedent determining ROA from the perspective of equity efficiency,
highlighting the robust and integrated nature of these financial performance measures.
The debt-to-equity ratio emerged as the second most critical variable; an increase in the
debt ratio up to a certain level acted as a leverage effect, contributing slightly positively
(+) to ROA. Furthermore, a larger equity size was confirmed to have a positive impact on
financial performance, proving that a firm’s foundational capital strength serves as the
basis for asset management efficiency.

In Figure 9b, which represents Dataset 2 (Added Cost Variables), while the significance
of ROE remained high, the contributions of the newly introduced material cost variables
were prominent. Notably, an increase in the Producer Price Index for Concrete (PPI_CO)
had a positive influence on the predicted values. This indicates the financial sensitivity
and cost-pass-through mechanisms of construction firms during periods of rising costs.
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Rather than directly proving management capability, the positive SHAP value of PPI_CO
reflects the degree of financial exposure and the firm’s structural resilience in adjusting to
specific material price volatility. Conversely, the index for rebar and steel bars (PPI_RB)
could be explained as a major cost pressure factor, exerting a negative (−) impact on ROA.
Interestingly, in Dataset 2, a higher debt ratio was found to have a negative impact on ROA,
suggesting that when cost variables are controlled, increased financial risk becomes a direct
threat to profitability. Meanwhile, although labor-related variables contributed to the model,
their influence was relatively marginal compared to material costs or capital indicators.

 
(a) (b) 

Figure 9. SHAP Summary Plots for ROA Prediction Models. (a) Dataset 1 (Financial Variables Model);
(b) Dataset 2 (Integrated Financial and Construction Cost Variables Model).

Analysis of Dataset 1 revealed that the debt-to-equity ratio itself acted as the most
dominant variable in the prediction model, while the influence of other financial indicators
remained relatively low. As shown in Figure 10a, a higher debt-to-equity ratio (indicated
in red) exhibited a clear linear relationship, strongly driving up the predicted leverage
indicator. Conversely, financial soundness indicators such as Working Capital to Total
Assets (WC/TA) and the current ratio recorded negative (−) SHAP values as their values
increased. This reflects the model’s interpretation that higher corporate liquidity leads to a
lower assessment of the firm’s leverage risk.

In Dataset 2 (Figure 10b), while the debt-to-equity ratio maintained its position as
the most influential factor, the material cost variable group recorded the second-highest
contribution, demonstrating a correlation between financial structure and cost indica-
tors. Increases in the Producer Price Index for construction plastics (PPI_PL) and concrete
(PPI_CO) exerted a positive (+) influence on the predicted values, reflecting the high fi-
nancial sensitivity and distinct cost-pass-through mechanisms of firms during periods of
rising input prices. Conversely, the rise in prices for rebar and steel bars (PPI_RB) was
found to make a negative (−) contribution to the debt-to-equity ratio, identifying it as a
specific threat to financial stability. This divergence in the direction of influence among
various material indices suggests that the model is capturing item-specific transmission
effects of supply-chain shocks rather than merely functioning as a proxy for a uniform
macroeconomic inflation trend. Regarding labor costs, indicators such as those for form-
work carpenters (Labor_FW) showed a slight positive (+) contribution; however, the overall
contribution remained lower than that of material costs, confirming that the substantial
impact of labor costs on financial structure is relatively limited.
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Figure 10. SHAP Summary Plots for D/E Prediction Models. (a) Dataset 1 (Financial Variables
Model); (b) Dataset 2 (Integrated Financial and Construction Cost Variables Model).

5. Discussion
5.1. Academic and Methodological Implications

The primary objective of this study was to construct a financial performance prediction
model that reflects the unique characteristics of the construction industry. To this end,
specific financial variables were selected and supplemented by industry-differentiated
factors such as material and labor costs. Methodologically, this research is original in that
it not only enhanced predictive accuracy through various algorithms but also employed
SHAP (SHapley Additive exPlanations) analysis to provide interpretability. SHAP analysis
transcends simple feature importance rankings by quantitatively elucidating the contri-
bution and directionality (positive [+] or negative [−]) of individual variables—such as
fluctuations in steel prices—on the predicted values of dependent variables (ROA and
Debt-to-Equity Ratio). By facilitating feature-level interpretability, financial performance is
conceptualized not merely as a result of static ratios based on conventional standards but
as a dynamic system that responds to supply-chain volatility. This approach allows for the
holistic integration of cost fluctuations into the financial evaluation framework. However,
it should be noted that the feature importance derived from SHAP values represents the
predictive relevance and marginal contribution of each variable within the model’s correla-
tional framework, rather than establishing a direct causal link or interventional effect.

The high precision and stability demonstrated by the Random Forest (RF) model
signify its effectiveness in capturing complex, non-linear interactions between financial
and industry-specific data [58]. This study confirms that the ensemble mechanism of RF,
which combines numerous decision trees, is highly effective at reducing variance and
identifying complex nonlinear patterns [46]. The superior stability of RF suggests that
its recursive partitioning structure is better suited for datasets with high heterogeneity
between financial and cost indicators. In contrast, the performance of LSTM—a model
designed for long-term sequence learning—was suboptimal. It is inferred that the specific
structure of our data, marked by restricted time-series horizons and dominant firm-level
differences, prevented LSTM from effectively manifesting its strengths in temporal depen-
dency modeling. The capacity of RF to accurately capture these inter-linkages makes it a
particularly valuable tool for stakeholders in both the real estate and financial sectors for
strategic decision-making [59].
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This study, focusing on listed construction firms in the Republic of Korea, presents
the predictive importance of supply-chain cost volatility for financial performance using a
SHAP-based approach. However, the magnitude and direction of variable effects are likely
to vary across countries depending on regulatory regimes, procurement practices, and
macroeconomic conditions [46]. Similarly, cross-country comparative studies have reported
that the effects of liquidity, leverage, and profitability differ according to institutional factors
such as the level of ESG institutionalization and broader market contexts [34]. Therefore, to
enhance the generalizability of the model, mapping the input features to country-specific
material price indices and wage indices when applying it to other countries would allow
the analytical framework of this study to be extended and utilized as a context-tailored
prediction and diagnostic model.

5.2. Differentiation and Practical Value

This study distinguishes itself from previous research by selecting variables tailored
to the construction sector [60]. A key differentiator is the significant reduction in prediction
errors achieved by incorporating material and labor costs.

By quantitatively proving that non-financial, operational variables such as material
price indices (Cement, Rebar, Concrete PPI) and labor wages substantially improve model
performance (improving RMSE and R2), this research provides a clear empirical basis
for financial experts and managers. It provides a quantitative basis for identifying firm-
level vulnerabilities to supply-chain shocks. These findings should be interpreted as
risk indicators reflecting the transmission of raw material price volatility into financial
performance, rather than definitive evidence of internal procurement efficiency.

Notably, the heterogeneous directional impact observed across different material
indices—where rebar (PPI_RB) exerted a negative influence while concrete (PPI_CO)
showed a positive association—suggests that the model captures item-specific cost trans-
mission mechanisms rather than merely functioning as a proxy for a uniform upward
inflationary trend [6,8]. Despite the traditional labor-intensive nature of construction,
labor-related variables (Labor) showed relatively marginal influence in ROA prediction. In
contrast, material-related factors made substantial contributions; specifically, an increase in
the Rebar and Steel Bar index (PPI_RB) negatively affected ROA. It shows that construction
firm financials can be understood as a dynamic system that is sensitive to supply-chain
volatility, in which cost shocks driven by specific input items exert direct pressure on prof-
itability, thereby extending the study’s knowledge boundary. In debt ratio prediction, the
rise in Concrete (PPI_CO) and Construction Plastic (PPI_PL) indices positively influenced
predicted values, suggesting that material price volatility is a critical factor in corporate
leverage and financial risk assessment. Overall, while prior studies have predominantly
interpreted construction performance through financial ratios, this study adds domain
validity by explicitly incorporating construction-specific cost drivers—material and la-
bor costs—and by operationalizing item-level PPIs as grouped volatility indicators [6].
However, as the analysis period includes incidents of heightened supply-chain disruption
such as the COVID-19 pandemic and geopolitical shocks, the observed effects may reflect
event-amplified patterns rather than stable structural relationships [8,61]. Accordingly, the
inferred feature effects and gains in predictive performance would not be assumed time-
invariant or universally generalizable. Consistent with approaches in related research, it is
appropriate to apply the proposed framework conditionally, by considering cross-country
institutional and market contexts as well as period-specific shocks and by conducting
localization prior to use.

The strategic implications for key stakeholders to support decision-making, derived
from these results, are as follows. For project owners and financial institutions, the findings
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suggest that the evaluation of externally audited construction firms can be enhanced by
incorporating structural resilience against cost volatility over traditional financial ratios.
This facilitates the adoption of a comprehensive risk management framework for project
financing (PF) or cost shocks, establishing a novel model for holistic assessment [8]. From
the perspective of contractors, the application of SHAP-based feature importance enables
the identification of factors highly sensitive to cost fluctuations, thereby serving as a
specialized financial tool for differentiated strategic management. Consequently, the model
explanations suggest that supply-chain and raw material price variables are consistently
influential, highlighting related risk management as significant indicators for preliminary
risk screening. The results imply that construction companies need to prioritize material
supply stability and derivative risk hedging strategies over simple labor cost reductions to
secure long-term profitability.

6. Conclusions
This study aimed to propose a machine-learning-based framework capable of pre-

cisely predicting the financial performance of construction firms by reflecting industry-
specific characteristics. To achieve this, we conducted an analysis that integrated tradi-
tional financial indicators with actual operational cost data—material costs (PPI) and labor
costs—which are the primary determinants of real-world construction expenses. By di-
rectly applying various algorithms, this research identified the most suitable models for
the construction industry and clarified the influence of specific variables.

The results demonstrate that among the ANN, LSTM, and RF models, the RF model
recorded the highest predictive accuracy for both ROA and the debt-to-equity ratio, proving
it to be the optimal model. Notably, the inclusion of construction-specific material and labor
costs significantly reduced the MAE, suggesting that operational cost data are essential
independent variables for predicting the financial soundness of construction companies.
This approach overcomes the limitations of previous insolvency research, which has been
predominantly focused on the manufacturing sector. Furthermore, by incorporating XAI,
the study secured model interpretability by visualizing the grounds for predictions and
identifying the contribution and directionality of each variable. A key discovery was that,
despite the traditional labor-intensive nature of construction, the fluctuations in material
costs—specifically rebar and concrete price indices—exerted a far more dominant influence
on actual financial performance than labor costs. This implies that management and finan-
cial stakeholders keep concentrating on supply-chain cost indicators for risk management
and hedging strategies. Moreover, these findings, grounded in the proposed predictive
model and analytical framework, can be used for ex-ante assessments of future changes in
financial performance. In particular, they provide a basis for scenario-based examination of
how a firm’s financial performance may be affected under varying levels of material and
labor cost volatility. With further research to extend the framework, its applicability could
be expanded beyond retrospective financial performance evaluations by leveraging real-
time cost indicators or long-horizon time-series data—potentially enabling future-oriented
financial performance forecasting and the proactive identification (screening) of externally
audited firms.

Nevertheless, this study has limitations, such as not reflecting various external
factors—including project progress status and Gross Domestic Product (GDP)—that could
influence a firm’s financial state. Additionally, while the impact on cost structure and
performance may vary by firm size or type (e.g., general vs. specialty contractors), such
classifications were not fully incorporated. Future research should address these limitations
to more clearly elucidate the relationship between cost structures and financial performance.
In particular, future research should build on SHAP-based local interpretations to identify
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the causal effects of changes in supply-chain management on financial performance, thereby
evaluating whether such changes exert a causal impact on financial outcomes. In addition,
analyzing material-specific PPIs enabled an interpretation of their explanatory power; how-
ever, their predictive importance may partially function as a proxy for broader inflation or
macro-level time trends inherent in price indices. Consequently, the interpreted influence
of PPI should be understood as a measure of financial exposure to cost shocks. To decouple
systemic inflation from genuine firm-level transmission effects, future research must utilize
deflated financial metrics and explicit inflation-control parameters. Such advancements
are expected to enhance the financial stability of construction firms and provide highly
reliable tools that support strategic decision-making by proactively managing financial
risks associated with cost volatility. Lastly, while this study identifies salient predictors
through XAI, it does not explicitly establish causal pathways between supply-chain shocks
and financial outcomes. The SHAP-based insights reflect statistical associations captured by
the machine learning model. Therefore, future research should employ quasi-experimental
designs, such as instrumental variables or difference-in-differences, to rigorously validate
the causal mechanisms underlying the observed predictive patterns.
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