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Abstract: Predicting the threat of bankruptcy risk and estimating company survival rate, especially 
under many challenges that might unfold, is of high economic importance. In this study, we aimed to 
predict the one-year-ahead and two-year-ahead bankruptcy status of companies using financial features 
(predictor variables) selected by the recursive feature elimination technique. We proposed the use of 
deep learning techniques, bidirectional long short-term memory (BiLSTM), and convolutional neural 
network (CNN) for bankruptcy prediction using temporal data. We compared prediction performance 
of models using the selected features with the original Altman Z-score financial features. To evaluate 
the proposed deep learning models, we used a sample of 4,884 companies (150 bankrupt and 4,734 
non-bankrupt) drawn from the COMPUSTAT database (1994–2020) and compared them against six 
benchmark models, reweighted Altman Z-score, linear discriminant analysis, regularized logistic 
regression, random forest, XGBoost, and LightGBM, over 100 random 70/30 company-level splits, 
four feature sets, and two prediction horizons. The results showed that no single model dominates 
across all evaluation criteria: At the conventional decision threshold (𝑡 = 0.5), BiLSTM achieved the 
highest geometric mean of recall and specificity on the Altman feature set (0.653 and 0.615 for the 
one- and two-year-ahead horizons, respectively), whereas random forest attained the highest AUC on 
data-driven feature sets (up to 0.790). At that threshold, the tree ensembles flagged almost no failing 
companies because their calibrated probabilities rarely exceeded 0.5 under severe class imbalance; 
thus, the proposed deep models, and BiLSTM in particular, were the only ones that detected bankrupt 
companies reliably without tuning the classification threshold to the data. When the decision threshold 
was tuned near the bankruptcy base rate, tree-ensemble models recovered comparable balanced 
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detection, underscoring the importance of evaluating bankruptcy prediction models using multiple 
performance criteria and operating thresholds rather than a single accuracy metric. 

Keywords: bankruptcy prediction; financial distress; deep learning; bidirectional long short-term 
memory; convolutional neural network; class imbalance; Altman Z-score; feature selection; SHAP 
analysis 
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1. Introduction  

When a company is in financial distress, owners, employees, and shareholders are adversely 
impacted, but so are clients that purchase from those companies. An ability to predict the financial 
distress of a company has wide ranging implications to different stakeholders: From financial 
institutions making lending decisions, to investors and fund managers making investment decisions, 
to organizations looking to enter supply contracts. This last implication is especially important to 
entities with vulnerable supply chain as the financial distress of a company may threaten their 
performance, and organizations across many industry sectors seek to contract with suppliers that are 
not at risk of bankruptcy. In 2019, an electric utility, PG&E Corporation in California, filed the biggest 
bankruptcy of the year losing over $71 billion in assets [1]. With billions of dollars and thousands of 
jobs at stake, it is crucial to be able to effectively categorize financially healthy and unhealthy 
institutions. 

For the last 100 years, bankruptcy prediction models have played an important role in investment 
and supplier selection decision-making. At higher levels, these models receive significant attention by 
policy makers to design proactive policies with the aim of minimizing adverse impacts of bankruptcies 
on the economy. With today’s increasingly complex economic systems and their deep interaction with 
a network of convoluted stakeholders and competitors, modelers have now access to substantially more 
relevant features that can help discover hidden financial distress patterns. As a result, more accurate 
bankruptcy prediction models can be developed to provide early signals of financial distress leading 
to bankruptcy.   

The contributions of this paper are several. First, we identify a large set of financial features using 
the COMPUSTAT database and identify the critical features relevant to bankruptcy prediction using 
the recursive feature elimination technique. Our methodological scheme enables us to explore an initial 
set of 112 candidate features generated from a point in time relative to the occurrence of bankruptcy. 
Second, we construct two deep learning neural network models, bidirectional long short-term memory 
(BiLSTM) and convolutional neural network (CNN), which are appropriate for imbalanced time series 
datasets like those describing supplier health. Last, we demonstrate the effectiveness of the proposed 
models using COMPUSTAT data and explore the advantage of multiple temporal variations of the 
features that can discriminate the bankrupt and non-bankrupt companies at different periods prior to 
bankruptcy. Furthermore, we employ the cost-sensitive learning method embedded with BiLSTM and 
CNN to treat the imbalance problem associated with few bankrupt companies in the dataset. We 
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develop bankruptcy prediction models for one year and two years in advance of bankruptcy by 
applying the proposed techniques to historical financial data collected in advance of the year when 
bankruptcy was experienced. Most importantly, our multi-criterion evaluation reveals a practical 
advantage of the proposed deep-learning models that is not captured by AUC alone. At the default 
decision threshold, the tree-ensemble benchmarks classify almost no companies as bankrupt, whereas 
the BiLSTM continues to identify failing companies while maintaining a strong balance between recall 
and specificity. Paired Wilcoxon tests further confirm that this performance difference is statistically 
significant. These results suggest that the proposed deep-learning models are more dependable in 
settings where the classification threshold cannot be reliably calibrated for each dataset. 

The rest of this paper is arranged as follows: In Section 2, we elaborate on the literature entailing 
various bankruptcy models over the decades. Section 3 consists of the data analyzed in this study and 
a brief description of deep learning models. Section 4 includes the implementation of feature selection, 
the classification results of the models, a discussion of comparative results, and model interpretation 
using Shapley additive explanations (SHAP) values, followed by concluding remarks and future work 
in Section 5. 

2. Literature review 

The initial models that were developed to study the prediction of failure of companies in the early 
1920s were based on financial ratio analysis [2]. Ratio analysis helped gain insights into a company’s 
liquidity, efficiency, profitability, and survivability. Factors like the size and industry of the company 
were considered when comparisons were made among companies [3]. The researchers in [4] compared 
13 financial ratios of 19 pairs of successful and failed companies and observed that there existed a 
consistent change in the ratios at least three years prior to the failure point. The researchers in [5] 
investigated mean ratios of 183 failed companies for a period of ten years prior to failure and found 
that the rate of decline of these mean ratios was higher closer to the failure, especially the “current 
assets to total assets” ratio. The researchers in [6] focused on comparing mean ratios of continuing and 
discontinued companies between 1926 and 1936 and observed a pattern of increased differences in the 
ratios as the year of discontinuance approached. However, researchers do not explore the deteriorating 
trends in the ratios and feature values closer to the bankruptcy point. We intend to capture this essence 
by exploring one-year and two-year-ahead bankruptcy prediction settings (explained in Section 4.2).  

Until the mid-1960s, bankruptcy prediction studies continued to entail ratio analysis and statistical 
models. Beaver [7] introduced the first univariate model in classifying bankrupt companies, observing 
that the ratio of net income to total debt had the best predictive ability followed by the ratio of net 
income to sales. Moreover, Beaver [7] also suggests the use of multiple ratios simultaneously for 
predicting bankruptcy, leading to the multivariate models. Among the most popular techniques for 
predicting bankruptcy is the Z-score approach [8], which provides a classification scheme based on 
five financial characteristics of a company. Such a score, which has seen several iterations since [9,10], 
provides more of a classification scheme than a means to calculate an implied probability of bankruptcy. 
A common heuristic suggests that a company with a Z-score < 1.81 is likely to be under financial 
distress or heading towards bankruptcy. The popular Altman’s Z-score, provided in Eq. (1), served as 
a foundational means to understand the temporal nature of the dataset. The score is a function of five 
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ratios, found in the first column of Table 1, of seven total variables. The Z-score was developed to 
describe the bankruptcy risk of companies in the manufacturing sector. The researchers in [11] 
explored six ratios, in addition to the ones used in calculating Altman’s Z-score, that were inspired 
from [12]. These six additional ratios are found in the second column of Table 1. 

For companies outside the manufacturing sector, an update to the Z-score [10], denoted Z’’, is 
provided in Eq. (2). A Z’’-score < 1.1 implies that a company is under financial distress. The first four 
variables from Table 1 are used in the calculation of the Z’’-score. 

Table 1. Eleven variables analyzed by [11], including the five ratios used in the calculation 
of Altman’s Z-score. 

Variables from [8] Variables from [12] 𝐴 = net working capitaltotal assets  𝐹 = earnings before interest and taxessales  

𝐵 = retained earningstotal assets  𝐺 = total assets௧ − 𝑡otal assets௧ିଵtotal assets௧ିଵ  

𝐶 = earnings before interest and taxestotal assets  𝐻 = sales௧ − sales௧ିଵsales௧ିଵ  

𝐷 = market value of shares ×  number of sharestotal debt  𝐼 = # employees௧ − # employees௧ିଵ# employees௧ିଵ  

𝐸 = salestotal assets 𝐽 = ൬ net incomestockholder equity൰௧− ൬ net incomestockholder equity൰௧ିଵ 

 𝐾 = ൬market value/sharebook value/share ൰௧− ൬market value/sharebook value/share ൰௧ିଵ 

With increasing efficiency of data collection, the availability of machine learning models has 
provided newfound sophistication and accuracy in predicting bankruptcy, at the cost of creating 
complex and less explainable models. While machine learning models help improve the accuracy of 
the predictions, feature selection techniques are especially useful in narrowing the vast number of 
variables that might be involved. Techniques that have been applied to bankruptcy prediction for 
several financial variables include neural networks [13–17], regression techniques [18], stochastic 
processes [19], over sampling with neural networks [20,21], feature selection engineering [22], and 
regression trees [23–25], among others [11,26–31]. Some studies have inferred that a set of limited 
features is sufficient in predicting bankruptcy accurately [11,32]. The researchers in [11] developed 
several bankruptcy prediction models for data obtained from 10 types of industries and achieved an 
AUC of 92.97% for boosting, 92.48% for bagging, and 92.92% for random forest models, using just 

𝑍 = 1.2𝐴 + 1.4𝐵 + 3.3𝐶 + 0.6𝐷 + 1.0𝐸 (1) 

𝑍′′ = 6.56𝐴 + 3.26𝐵 + 6.72𝐶 + 1.05𝐷 (2) 
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11 attributes/features. However, very few of these researchers [23,15] address the influence of dynamic 
features using the time series data in their prediction models. The researchers in [33] and [34] reviewed 
the progress of a wide range of bankruptcy models in the past few decades.  

Researchers have expanded the methodological approaches for bankruptcy prediction in several 
directions. The researchers in [35] introduced the Omega Score, which is particularly well-suited for 
small and medium-sized enterprises, and demonstrated that combining “hard” financial information 
with “soft” qualitative information can improve default prediction performance. The researchers in [36] 
provided a foundational discussion of the distinction between hard and soft information in financial 
decision-making. In parallel, deep learning methods have continued to evolve, including ensemble-
based and neural network architectures for bankruptcy and default prediction across company-size 
segments [37,38]. Researchers have also documented the direct and indirect costs associated with 
bankruptcy [39,40], while others have shown that these effects may propagate through suppliers and 
trading partners, amplifying broader economic consequences [35].  

Motivated by [11], integrating dynamic predictor variables into prediction models can improve 
prediction accuracy. In addition, bankruptcy may be related to many explanatory variables (features) 
that other studies have shown to be effectively modeled by non-linear techniques [11,41]. Advanced 
machine learning techniques, such as neural networks and deep learning, have been successful in not 
only modeling non-linear decision boundaries but also modeling data with sequential predictor 
variables (such as time series). Two popular variants of deep learning methods that are especially 
effective for time series data are long short-term memory (LSTM) neural networks and CNN. LSTM 
is a recurrent neural network model built upon feedback connections, and has been very successful for 
time series prediction and classification problems [20,42–44]. In this study, we employ a bidirectional 
LSTM model (BiLSTM) that processes the input in two directions from past time periods to future 
periods and vice versa. CNN represents a class of deep neural networks with multiple layers between 
the input and output layers, employing the mathematical function of convolution in its operation. It has 
been used for many applications among facial recognition [45], image classification [46], fraud 
detection [47], speech recognition [48], and time series analysis [49]. Moreover, the researchers in [50] 
used thte SHAP technique to interpret their bankruptcy prediction results. 

Studies have been conducted on financial analysis and bankruptcy prediction using neural 
networks and deep learning methods [17,51–54]. Moreover, the researchers in [41] focused on using 
deep learning models for bankruptcy prediction using textual disclosures. The researchers in [55] 
provided a review on the different machine learning and neural network models used in bankruptcy 
prediction. Limitations of these works include (i) not considering the impact of dynamic features to 
represent temporal company performance and (ii) the treatment of imbalance issues in the dataset.  
Since the number of companies that undergo bankruptcy is very small relative to those that do not, it 
is expected that a bankruptcy dataset would be imbalanced. As such, it is imperative that this imbalance 
is accounted for when building a predictive model. In addition, there have not been adequate 
computational experiments that evaluate the applicability of deep learning algorithms to handle 
imbalanced data in bankruptcy prediction problems. Building on this literature, we systematically 
compare BiLSTM and CNN models against a reweighted Altman Z-score framework and several 
modern machine learning benchmarks using a common company-level dataset. 
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3. Data and methods 

In this section, we provide background on the data used for bankruptcy prediction, as well as the 
two deep learning neural network methods along with the feature selection technique used in the 
analysis.  

3.1. Data 

The data used in this analysis are obtained from Standard & Poor’s (S&P) COMPUSTAT 
database. The COMPUSTAT database contains fundamental financial, statistical, and market 
information for active and inactive publicly held companies from around the world. For most 
companies, the database has annual data since 1950 and quarterly data since 1962. The annual data 
include all financial data from a company’s Form 10-K, including company descriptions, balance sheet 
items, income statement data, and cash flow information, as well as standard industry classifiers, 
market identifiers, and S&P proprietary data. Some examples of these variables include a business 
description, stock ticker, market value of shares, cash on hand, and net sales. Similarly, the quarterly 
data include all data from Form 10-Q submissions, like total assets, total liabilities, and retained 
earnings. In total, there are 974 non-screening variables for annual data and 674 for quarterly data. The 
COMPUSTAT database is updated daily. For this analysis, annual data from the North American 
companies, mostly from the United States of America and Canada, ranging from 1994 to 2020, are 
used. The data are queried based on a list of Standard Industrial Classification (SIC) codes, which the 
Security Exchange Commission uses to classify company industries. The sectors considered for the 
analysis are shown in Table 2. 

Table 2. List of the industry sectors and their corresponding SIC codes. 

Range of SIC codes Industry  
A: 0100–0999 Agriculture, Forestry, and Fishing 
B: 1000–1499 Mining 
C: 1500–1799 Construction 
D: 2000–3999 Manufacturing 
E: 4000–4999 Transportation, Communications, Electric, Gas, and Sanitary Service 
F: 5000–5199 Wholesale Trade 
G: 5200–5999 Retail Trade 

The bankrupt label is assigned to companies that have filed for bankruptcy (e.g., bankruptcy 
Chapter 7 occurs when a company’s assets are liquidated and the company ceases to exist, or Chapter 
11, or “reorganization bankruptcy,” occurs when a company is reorganized to a different entity while 
continuing to operate). 

A company is identified as bankrupt using the COMPUSTAT deletion reason (dlrsn codes 2 or 
3) or a status alert (stalt equal to “TL”). Because these flags do not always coincide with the exact year 
that a company fails, we further classify flagged companies by the pattern of the flag across the 
company’s records to assign a reliable bankruptcy year. When the flag appears only on the company’s 
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final record, the flag is treated as marking the actual bankruptcy event and that year is taken as the 
bankruptcy year. When the flag is present on every record of a company that subsequently disappears 
from the database, the company’s last available year is taken as the bankruptcy year. Companies whose 
flag appears in the middle of their history but that continue reporting afterward are excluded from the 
bankrupt set, as their status cannot be unambiguously associated with a single failure event; retaining 
them would risk contaminating the labels. This procedure yields a clean set of bankrupt companies 
with well-defined bankruptcy years, which is essential for constructing the pre-event input windows 
described in Section 4.2. 

Figure 1 represents the average Z-score plot for 7572 manufacturing companies (295 bankrupt 
and 7277 non-bankrupt) on the vertical axis and a time reference on the horizontal axis. The time 
reference depicts the most recent year of company data on the right-hand side. For non-bankrupt 
companies, the right-hand side represents the most recent available observation from the database, 
while for bankrupt companies, the right-hand side represents the last observation before the bankruptcy 
event. Time prior to the most recent year extends to the left. For example, for a bankrupt company, 
three time periods from the right represents three years prior to bankruptcy. Bankrupt companies are 
represented with red, and non-bankrupt are represented with green. The data for bankrupt companies 
after the bankrupt point are ignored. This is done to maintain uniformity among the bankrupt 
companies as few companies reorganize their financials and continue to operate, sometimes as a 
different entity, while others cease to exist altogether. From Figure 1, one can observe that there is a 
distinct separation of average Z-score between the bankrupt and non-bankrupt companies in the 
manufacturing sector, especially close to the bankruptcy point. This separation motivates the use of 
time series methods to predict bankruptcy.  

 

Figure 1. Average Z-score plot for manufacturing companies with Z-score in range [−15,15]. 
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Table 3 provides an overview of the data, consisting of information about companies from 1994–
2020. The unit of measurement of some features such as ‘lo’, ‘lt’, ‘ebit’, and ‘dltt’ is $ million and that 
of ‘growth in emp’ and ‘sale’ is in units. The inf and -inf values occur when the denominator is a 0 
while computing its value. We can observe that some features such as ‘adjex_f’, ‘ebit’, and ‘cogs’ are 
highly skewed. This is because the data includes companies ranging from small to large.  

Table 3. A statistical review of the data for a set of selected features. 

Feature Count Mean Std Min 25% 50% 75% Max 
Change in return on 
equity 

161732 - - −∞ 0.077 0.793 1.284 inf 

Other liabilities, total 
(lo) 

180589 336.419 2186.952 −27.06 0 1.641 40.9 104481 

Cumulative adjustment 
factor, fiscal (adjex_f) 

172759 1.277 4.28 0 1 1 1 822.5 

Total liabilities (lt) 180434 2118.845 10378.5 0 7.355 60.614 606.192 460442 
Market value of equity 
/ Total liabilities (D) 

107394 inf - 0 2.236 9.813 inf inf 

Income before 
extraordinary items (ib) 

180019 128.114 1119.308 −85162.2 −4.702 0.888 31.371 104821 

Earnings before interest 
and taxes (ebit) 

180357 833.515 4001.36 −0.023 0 8.621 250.254 207174 

Long-term debt, total 
(dltt) 

132859 8.863 42.563 −1 −0.878 −0.125 3.766 2299 

Growth in emp 179061 257.174 1426.221 −25913 −2.141 4.249 72.381 71230 
Leverage 155837 inf - 0 0.819 2.111 6.369 inf 
Net sales / turnover 
(sale) 

179799 2508.935 12858.86 −1965 9.8685 121.15 883.9 521426 

Cost of goods sold 
(cogs) 

179748 1745.547 9894.701 −366.645 7.643 75.325 574.048 435726.3 

Among the constructed variables, leverage is defined as the ratio of total liabilities to total assets 
(lt/at), a book-value measure of financial leverage. This definition is adopted in place of a market-
based leverage measure so that the variable can be computed consistently for all companies from 
balance-sheet items alone, without requiring market-price data that are unavailable or unreliable for a 
portion of the sample. Using the book-value definition also keeps the leverage measure consistent with 
the other accounting-based ratios used in the study. 

Missing values are common in the COMPUSTAT database because not all companies report 
every item in every year. To preserve each company’s temporal structure while avoiding the 
introduction of information from other companies, missing values are imputed using a five-stage 
cascade applied in order of increasing scope. First, a missing value is filled using the company’s own 
mean for that variable across its available years. If the variable is still missing for a company for all 
years, it is imputed using the mean of companies sharing the same four-digit Standard Industrial 
Classification (SIC) code, provided at least five companies are available in that group. The cascade 
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then falls back, in turn, to the three-digit SIC mean and the two-digit SIC mean for any values that 
remain missing. Finally, any values still missing after the industry-level stages are filled with the global 
median of the variable. This ordered cascade prioritizes company-specific information and falls back 
to progressively coarser industry groupings only, when necessary, thereby limiting the extent to which 
imputation blurs company-level financial trajectories. 

3.2. Feature selection  

3.2.1. Recursive feature elimination with cross-validation 

The recursive feature elimination with cross-validation (RFECV) method is used for feature 
selection in this study. RFECV extends the traditional recursive feature elimination (RFE) approach 
proposed in [56] by automatically determining the optimal number of features through cross-validation 
rather than requiring the feature count to be predefined. The method recursively ranks features 
according to their importance and removes the least important features at each iteration. In this study, 
a random forest classifier is used as the ranking estimator. At every elimination step, model 
performance is evaluated using 5-fold cross-validation with ROC-AUC as the scoring metric, which 
is more appropriate for imbalanced bankruptcy prediction tasks. The feature subset corresponding to 
the highest cross-validated ROC-AUC score is selected as the optimal feature set. To avoid information 
leakage, RFECV is performed independently within each training split during the experimental 
procedure.  

3.2.2. Cumulative-importance method 

Because the number of features retained by RFECV can vary considerably from one training split 
to another, we employ a second, complementary selection method based on a cumulative feature-
importance threshold (hereafter, the cumulative-importance method). For each training split, a random 
forest is fitted to the time-averaged features, and the resulting Gini importances are ranked in 
descending order. Features are then retained, in order of importance, until their cumulative importance 
reaches a fixed threshold of 0.75, so that the smallest set of features accounting for 75% of the total 
importance is selected. Unlike the cross-validation peak used by RFECV, the cumulative-importance 
criterion does not depend on locating the maximum of a relatively flat cross-validation curve and 
therefore tends to yield a more stable number of selected features across splits. Reporting both methods 
enables us to assess the robustness of the selected features and to distinguish features that are 
consistently informative from those whose selection is sensitive to the particular method or training 
sample. 

3.3. Long short-term memory networks 

Long short-term memory (LSTM) is an extended variation of the recurrent neural network (RNN) 
architecture, and was proposed in [57]. In this section, the model of LSTM architecture for bankruptcy 
prediction is introduced. Unlike RNN, LSTM is powerful in handling the vanishing gradients and learn 
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long-term dependencies in modeling the time series using memory cells [58,59]. A memory cell 
includes four units: an input gate, an output gate, a forget gate, and a self-recurrent neuron. The 
interactions between neighboring memory cells and the memory cells are controlled by the gates. The 
input gate controls how much of the incoming input signal is used to update the memory cell state. The 
output gate determines how much of the cell state is passed to the hidden state and subsequently 
influences other memory cells or network components. Furthermore, the previous state of the memory 
cell will be remembered or forgotten by the forget gate. The mathematical formulation of LSTM in 
Figure 2 is adapted from [60]. Assume that a dataset is represented by a set 𝐷 = ሼሺ𝑋௟ , 𝑦௟ሻሽ, where 𝑙 =1, 2, … ,𝑛, and  𝑋௟ = ሺ𝑥ଵ, 𝑥ଶ, … , 𝑥்ሻ௟ represent an input sequence for sample 𝑙 for an LSTM, 𝑥௧ ∈ ℛ௠ 
is the 𝑚-dimensional input vector to the memory cell at time 𝑡, and 𝑦௟ ∈ ሼ0, 1ሽ is the associated class 
label; 𝑊௜, 𝑊௙, 𝑊௖, 𝑊௢, 𝑈௜, 𝑈௙, 𝑈௖ ,𝑈௢, and 𝑉௢ are weight matrices; 𝑏௜, 𝑏௙, 𝑏௖, and 𝑏௢ are bias vectors; 
and ℎ௧ is the value of the memory cell at time 𝑡. We calculate the forward pass of the neural network 
through the following equations that describe LSTM cell vectors at time 𝑡. The values of the input gate 
(𝑖௧ሻ and the candidate state (𝐶ሚ௧) of the memory cell at time 𝑡 can be calculated with Eqs. (3) and (4).   𝑖௧ =  𝜎ሺ𝑊௜𝑥௧ + 𝑈௜ℎ௧ିଵ + 𝑏௜ሻ (3) 𝐶ሚ௧ = tanh ሺ𝑊௖𝑥௧ + 𝑈௖ℎ௧ିଵ + 𝑏௖ሻ (4) 

The forget gate (𝑓௧ሻ and the state of the memory cell (𝐶௧ሻ at time 𝑡 are formulated with Eqs. (5) 
and (6). 𝑓௧ =  𝜎ሺ𝑊௙𝑥௧ + 𝑈௙ℎ௧ିଵ + 𝑏௙ሻ (5) 𝐶௧ =  𝑖௧ ⊙ 𝐶ሚ௧ +  𝑓௧ ⊙𝐶௧ିଵ (6) 

Finally, the output gate ሺ𝑂௧ሻ and memory cell (ℎ௧ሻ at time 𝑡 are calculated with Eqs. (7) and (8). 𝑜௧ =  𝜎ሺ𝑊௢𝑥௧ + 𝑈௢ℎ௧ିଵ +  𝑉௢𝐶௧ + 𝑏௢ሻ (7) ℎ௧ =  𝑜௧ ⊙ tanh ሺ𝐶௧ሻ (8) 

In the above, ⊙ represents element-wise multiplication, and 𝜎 and tanh are non-linear logistic 
sigmoid and hyperbolic tangent activation functions, respectively.  

 

Figure 2. The sequential LSTM architecture overview. ⊗ and ⨁ denote element-wise 
multiplication and summation, respectively (adapted from [60]). 
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3.4. Bidirectional LSTM 

The classic LSTM is a unidirectional network that can process data only following one direction 
using past information. However, past and future company status and attributes (temporal sequences) 
provide valuable information for accurate prediction of bankruptcy. Bidirectional LSTM (BiLSTM) is 
a well-known variant of LSTM first introduced in [61] that memorizes past and future information. 
BiLSTM consists of two hidden layers that are connected to the input and output. The sequence of 
operations in the first (forward) layer conforms to the same direction of the data sequence, while the 
other (backward) layer operates in the reverse direction. This structure enables the model to use 
additional information to process earlier time steps in reverse. Furthermore, BiLSTM has been 
successful in handling sequence data in many areas, including time series classification [60], natural 
language processing [62], speech recognition [63], and handwriting recognition [64]. Moreover, 
studies have shown that BiLSTM performs better than LSTM for some applications that include time 
series data [44]. Therefore, BiLSTM is used in this study. 

 

Figure 3. The sequential BiLSTM architecture overview adapted from [65]. 

Figure 3 shows the methodology followed to construct the BiLSTM network. After comparing 
the performance of multiple architectures, the best performance is achieved by the BiLSTM 
architecture shown in Figure 4.  
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Figure 4. The architecture of the BiLSTM model for bankruptcy prediction. 

3.5. Convolutional neural networks 

A CNN is a modification of the conventional artificial neural network (ANN), which has been 
successful in extracting high-level features from image [66], text [67], and time series [68] data. In 
general, the steps involved in building a CNN model include (i) a convolution operation followed by 
activation function, (ii) a downsampling operation using pooling layers, (iii) flattening the pooled 
features, and (iv) computing a final score function using full-connected layers (i.e., conventional ANN 
layers). After feeding the input data into a convolutional layer, the local feature representation of data 
is created. Each convolutional layer is made up of multiple same collections of the identical neurons, 
which are called filters (or kernels). Due to local connectivity of each neuron with only a subset of 
inputs, the CNN results in a model with sparse interactions and thus a reduced number of parameter 
sharing [67]. Like ANN, an activation function is applied to each neuron in the convolutional layer to 
model the non-linearity in the output. For the activation function, we utilize the rectified linear unit 
(ReLU) function for all convolutional layers, which is defined in Eq. (9). 𝑔ሺ𝑥ሻ  =  maxሺ0, 𝑥ሻ (9) 

The most significant benefit of ReLU is that it is much faster in training compared to other 
activation functions [69]. As our objective is to predict the bankruptcy status of companies using 
multivariate time series data, we develop a CNN model for this problem. Our CNN model is inspired 
by the notation introduced in [70]. We illustrate the architecture of our proposed CNN in Figure 5, 
which is identified through extensive experiments for the appropriate number of filters, the size of the 
filters, and the number of pooling layers.  
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Figure 5. The architecture of our CNN model for bankruptcy prediction. 

3.6. Performance measures 

Researchers have used several measures to evaluate how well the model predicts the bankruptcy 
status of each company [11,41,71]. These measures are computed from the confusion matrix in Table 
4, where TP refers to the number of true positive company classifications, FP refers to false positive 
classifications, FN refers to false negative classifications, and TN refers to true negative classifications. 
TP and TN represent the number of accurately predicted bankrupt and non-bankrupt companies, 
respectively. FN represents the number of companies predicted as non-bankrupt, while the actual status 
of the companies is bankrupt. On the contrary, FP represents the number companies predicted as 
bankrupt when their actual status is non-bankrupt. It is important to focus on the FPs and FNs in such 
analyses, as they can impact the companies’ future. For example, if a company is labeled FP, it can 
have a negative impact on the business of the healthy company. That is, if a company is predicted to 
be at risk for bankruptcy despite being a financially healthy one and such a prediction is made public, 
it could impact the decisions of the stakeholders or influence the investors’ faith in the company. 
Similarly, if a company is wrongly predicted as FN, it can lead to substantial loss of funds and affect 
stakeholders. The measures include the area under the receiver operating characteristics curve (AUC) 
together with sensitivity (or recall), specificity, G-mean, F-measure, precision, and accuracy, the 
calculation of which are found in Eqs. (10)–(15), respectively. Sensitivity represents the ratio of 
accurately predicted positive samples to all positive samples, while specificity is the ratio of accurately 
predicted negative samples to all negative samples. Precision is the ratio of accurately predicted 
positive samples to the total predicted positive samples. Sensitivity and precision focus on the bankrupt 
companies, while specificity focuses on the non-bankrupt companies. Accuracy represents the ratio of 
accurately predicted status (positive and negative samples) to the total number of companies, giving 
us insight into the overall prediction performance. 
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Table 4. Confusion matrix for binary classification. 
Pr

ed
ic

te
d  Actual 

 Bankrupt Non-bankrupt 
Bankrupt TP FP 
Non-bankrupt FN TN 

 Sensitivity (or Recall) =  TPTP + FN (10) 

Specificity =  TNTN + FP (11) 

G − mean = ඥsensitivity × specificity (12) 

F1 − score =  2TP2TP + FP + FN (13) 

Precision =  TPTP + FP (14) 

Accuracy =  TP + TNTP + TN + FP + FN (15) 

In addition to the metrics defined in Eqs. (10)–(15), we report four additional performance 
measures that complement the original evaluation set. Type I error (false positive rate) and type II error 
(false negative rate) separately quantify the two distinct, cost-relevant errors in bankruptcy prediction 
rather than combining them into a single measure. We also report the Matthews correlation coefficient 
(MCC), a balanced correlation-based metric derived from the confusion matrix that is robust to class 
imbalance and ranges from −1 to +1, where 0 indicates chance-level performance. The Brier score 
evaluates the calibration accuracy of predicted probabilities by measuring the mean squared error 
between the predicted probabilities (𝑝௜ for sample 𝑖) and the observed binary outcome (𝑦௜ for sample 𝑖). Unlike AUC, which evaluates only ranking performance, the Brier score also captures the quality 
of probability calibration. These four additional measures are formally defined in Eqs. (16)–(19). Type I error =  FPFP +  TN (16) 

Type II error =  FNFN +  TP (17) 

MCC = (୘୔ · ୘୒) ି(୊୔ · ୊୒) ඥ(୘୔ା୊)(୘୔ା୊୒)(୘୒ା୊୔)(୘୒ା୊୒) (18) 

Brier = ଵ୬∑ (y୧ − p୧)ଶ୬୧ୀଵ  (19) 
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3.7. Benchmark models 

To provide a rigorous comparison, we evaluate the proposed BiLSTM and CNN against six 
benchmark models trained on the same company-level train-test splits and feature sets. The benchmark 
models include: (i) A reweighted Altman Z-score, implemented using logistic regression with the 
original five Altman ratios, addresses the concerns that the original 1968 weighting scheme may not 
adequately reflect contemporary economic conditions; (ii) linear discriminant analysis (LDA), which 
represents the classical statistical approach underlying the original Altman Z-score model; (iii) 
regularized logistic regression with L1 or L2 penalties; (iv) random forest; (v) XGBoost; and (vi) 
LightGBM. For the proposed deep learning models, the data are represented in their natural three-
dimensional structure (company × timesteps × features). In contrast, the benchmark models receive 
the same underlying information with the temporal dimension flattened into a single feature vector of 
length (timesteps × features) for each company. To ensure consistency across all experiments, all 
models are trained using class-weighted learning to address class imbalance, matching the cost-
sensitive strategy adopted for the BiLSTM and CNN models. 

- Regularized logistic regression is a generalized linear classifier that models the log-odds of 
bankruptcy as a linear combination of the input features. We use L1 (lasso) and L2 (ridge) 
penalties to shrink the coefficient estimates and reduce overfitting, with the regularization 
strength selected using the validation set. The reweighted Altman Z-score model is 
implemented as logistic regression restricted to the original five Altman ratios; this enables the 
relative importance of the ratios to be re-estimated on the data rather than being fixed at the 
1968 weights. 

- Linear discriminant analysis (LDA) is the classical statistical method underlying the original 
Altman Z-score model. LDA assumes that the feature vectors of each class are drawn from 
multivariate normal distributions with a common covariance matrix and assigns a company to 
the class with the higher posterior probability. The decision boundary is therefore linear in the 
features, and the model can be interpreted as a parametric counterpart to logistic regression 
under the normality assumption. 

- Random forest is an ensemble of decision trees in which each tree is grown on a bootstrap 
sample of the training data, and each split considers only a random subset of the features. The 
final prediction is obtained by averaging the predicted class probabilities across trees. Random 
forests are robust to feature scaling, handle non-linear interactions naturally, and provide an 
internal measure of feature importance based on the impurity reduction at each split, which is 
used here as the basis of the cumulative-importance feature-selection method. 

- XGBoost [72] is a gradient-boosted tree ensemble that builds trees sequentially, with each tree 
fitted to the residual errors of the previous ensemble. It uses a second-order Taylor expansion 
of the loss together with regularization on the tree structure and supports a scale_pos_weight 
parameter that we set to the ratio of negative to positive samples to address the class imbalance. 

- LightGBM [73] is a fast gradient-boosting implementation that grows trees leaf-wise rather 
than level-wise and uses histogram-based feature binning. Like XGBoost, it supports class 
weighting via an is_unbalance or scale_pos_weight setting; we use class weights proportional 
to the inverse class frequencies, matching the cost-sensitive strategy applied to the other models. 
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3.8. Hyperparameter tuning 

For each machine learning model (BiLSTM, CNN, logistic regression, random forest, XGBoost, 
and LightGBM), hyperparameters are selected using the grid search. Specifically, the dataset is first 
divided using a company-level 70/30 train-test split to avoid information leakage across companies. 
Within the training portion, 15% of the data is further reserved as a validation set for hyperparameter 
tuning. The hyperparameter configuration that maximizes the validation AUC is selected and 
subsequently fixed across all 100 evaluation seeds used in the main experiments. Hyperparameter 
tuning is performed separately for each model and feature-set-size configuration. Linear discriminant 
analysis has no tunable hyperparameters and uses default settings. To reduce overfitting in the deep 
learning models, early stopping is employed using validation AUC as the monitoring criterion with a 
patience of 20 epochs. This procedure also serves as an implicit regularization mechanism during 
training. 

The hyperparameter value ranges searched for each model are summarized in Table 5. For every 
model and feature-set configuration, all combinations in the corresponding grid are evaluated, and the 
configuration with the highest validation AUC is obtained. 

Table 5. Hyperparameter range for each model. 

Model Hyperparameter Values searched 
BiLSTM Units; dropout; batch size; learning rate {16, 32, 64}; {0.2, 0.3, 0.5}; {16, 32}; {0.001, 

0.0005} 
CNN Filters; kernel size; dropout; batch size; 

learning rate 
{32, 64, 128}; {2, 3}; {0.2, 0.3, 0.5}; {16, 32}; 
{0.001, 0.0005} 

Logistic regression Inverse regularization C; penalty {0.01, 0.1, 1.0, 10.0}; {L1, L2} 
Random forest Number of trees; maximum depth; minimum 

samples per leaf 
{100, 200, 500}; {none, 5, 10, 20}; {1, 2, 5} 

XGBoost Number of trees; maximum depth; learning 
rate 

{100, 200, 500}; {3, 4, 6}; {0.05, 0.1, 0.2} 

LightGBM Number of trees; number of leaves; learning 
rate 

{100, 200, 500}; {15, 31, 63}; {0.05, 0.1, 0.2} 

LDA None (default settings) — 

4. Results and discussion 

4.1. Feature selection 

To develop accurate prediction models, the first step is to perform feature selection. In Section 
3.1, we discussed two sets of features: The five ratios that made up the [8] Z-score and the expanded 
set of 11 ratios (inclusive of the five from Altman) used by [11], all of which are in Table 1. We note 
that the features from [8] and [11] are developed from a financial perspective. 

RFECV is performed independently within each training split of the experimental procedure. For 
benchmarking purposes, we evaluate all models using two fixed feature sets from the literature: The 
original five financial ratios proposed by [8] and the eleven features used by [11]. Feature selection is 
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conducted on time-averaged variables to ensure comparability between the deep learning models, 
which preserve the temporal structure of the data, and the benchmark models, which use flattened time-
series representations. 

In this work, we focus our analysis and comparative evaluations based on four sets of features: (i) 
Five features from [8], (ii) 11 features from [11], (iii) the RFECV-selected features, and (iv) the 
cumulative-importance-selected features, both drawn from an initial pool of 112 candidate features by 
the two data-driven selection methods described in Section 3.2. 

Table 6. Most frequently selected features by maximum selection frequency across the 
two feature-selection methods on the one-year-ahead horizon. Frequency is the percentage 
of 100 random 70/30 splits in which the feature is selected; average rank is the mean 
impurity-importance rank was selected. 

Feature Cumimp 
freq (%) 

Cumimp avg 
rank 

RFECV freq 
(%) 

RFECV avg 
rank 

Working capital / Total assets (Altman A) 100 34.49 54 26.09 
Retained earnings / Total assets (Altman B) 100 35.49 76 23.39 
EBIT / Total assets (Altman C / productivity) 100 36.49 96 21.07 
Market value of equity / Total liabilities (Altman D) 100 37.49 61 28.20 
Common shares outstanding 100 10.63 77 5.47 
Common shares used in basic EPS 100 11.63 85 5.99 
Price close, fiscal year-end 100 33.49 84 20.32 
Net income / Common equity 100 50.82 70 35.61 
Growth of total assets 100 48.07 63 34.37 
Income before extraordinary items 100 22.60 100 12.07 
Earnings before interest and taxes (EBIT) 100 17.26 88 9.45 
Earnings per share, basic incl. extraordinary 100 19.04 100 9.82 
EBIT / Net sales (operating margin) 100 47.07 99 27.48 
Retained earnings 100 27.79 71 17.94 

Because feature selection is now performed independently within the training portion of each of 
the 100 random splits, the selected subsets vary from one split to another. To characterize this 
variability, we record, for each candidate feature, the proportion of the 100 splits in which it is selected 
(its selection frequency) together with its average importance rank when selected. The two selection 
methods exhibit markedly different stability profiles. The cumulative-importance method retains a 
broad and consistent set of variables: A total of 35 features are selected in at least 90% of the splits, of 
which 16 are selected in every split, including the Altman ratios and core earnings, profitability, and 
scale measures (e.g., EBIT, retained earnings, operating margin, and productivity). In contrast, RFECV 
is far more selective and less stable, retaining only five features in at least 90% of the splits. Importantly, 
both methods converge on a common high-frequency core, namely the Altman ratio of EBIT to total 
assets together with income before extraordinary items, earnings per share, operating margin, and 
productivity, each selected in at least 96% of the splits under both methods. The agreement of two 
procedurally distinct selection methods on this small set of earnings- and profitability-related variables 
indicates that these features are robustly informative for bankruptcy prediction rather than artifacts of 
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a particular selection rule or training sample. Table 6 presents the features with the highest selection 
frequencies across the two feature-selection methods for the one-year-ahead prediction horizon.  

4.2. BiLSTM and CNN models 

Figure 6 shows the overview of our method. The output variable is defined as a binary company-
level label, where bankrupt companies are assigned a value of 1, and non-bankrupt companies are 
assigned a value of 0. Consequently, the model produces one predicted bankruptcy probability per 
company using its corresponding historical input window. Within this single dataset, we evaluate two 
prediction horizons: (i) One-year-ahead, using input years 𝑡 − 4 through 𝑡 − 1, and (ii) two-year-
ahead, using input years 𝑡 − 4 through 𝑡 − 2. The bankruptcy year (year 𝑡) is never used as input.  

Cleaning the data includes eliminating features with more than 10% missing values, and highly 
correlated features (with an absolute value of the Pearson correlation coefficient, 𝑟, greater than 0.95, 
chosen to avoid highly redundant information). After this, missing values are imputed using the five-
stage company- and industry-level cascade described in Section 3.1. The samples are drawn from 
companies that either filed or did not file for bankruptcy during the period 1994–2020. After applying 
the 5-year consecutive-data filter and the cleaning steps described above, the final dataset consists of 
4,884 companies, including 150 bankrupt and 4,734 non-bankrupt companies, as reported in Table 7. 
This corresponds to a bankruptcy imbalanced ratio of approximately 3.1% (b = 150/4,884 ≈ 0.031) 
and a non-bankrupt-to-bankrupt ratio of about 31.6 to 1. This high degree of class imbalance is typical 
in bankruptcy prediction and motivates the use of cost-sensitive training, described below, as well as 
imbalance-aware evaluation metrics, discussed in Section 4.3. 

 

Figure 6. Overview of the experimental design: 4,884 companies split 70/30 (company-
level) over 100 random seeds, evaluated across 4 feature sets, 7 predictive models, and 2 
prediction horizons. Class imbalance handled via cost-sensitive learning. 

The data are then partitioned into training and test sets using a 70/30 company-level split. The 
split is performed at the company level so that all annual records for a given company are assigned 
together to either the training or test set, preventing records from the same company from appearing 
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in both sets. Under this split, the training set contains 3,418 companies, including 105 bankrupt and 
3,313 non-bankrupt companies, while the test set contains 1,466 companies, including 45 bankrupt 
and 1,421 non-bankrupt companies. The same split sizes apply to the one-year-ahead and two-year-
ahead prediction settings, and Table 7 summarizes the corresponding training and test sample sizes. 

Table 7. Number of companies in the train and test sets of the dataset. 

 Bankrupt Non-bankrupt Total 
Training (70%) 105 3,313 3,418 
Testing (30%) 45 1,421 1,466 
Total 150 4,734 4,884 

Class imbalance is addressed during training through cost-sensitive learning. For the linear and 
tree-based models, the ‘class_weight’ parameter is set to ‘balanced’ following the Scikit-learn 
convention, where the weights for the positive (bankrupt) and negative (non-bankrupt) classes are 
computed as 𝑛/(2𝑛ା) and 𝑛/(2𝑛ି), respectively, with 𝑛ା and 𝑛ି denoting the numbers of positive 
and negative samples. For XGBoost, ‘scale_pos_weight’ is set to the ratio of negative to positive 
samples, while explicit class weights are provided for the BiLSTM and CNN models. The prediction 
on the test data provides the (complementary) probabilities of companies being bankrupt or non-
bankrupt. These probabilities are then converted to a binary representation of 1 for bankrupt companies 
and 0 for non-bankrupt companies using a threshold probability of 0.5.  

4.3. Model evaluation and discussion 

In this section, we explain the experimental results using BiLSTM and CNN in combination with 
different sets of features per different temporal dataset (as stated in Section 4.2). We implement our 
methods using Python version 3.7.4 with Keras [74] and TensorFlow libraries [75] on an Intel core i7, 
3.4 GHz with 16 Gb of RAM in a 64-bit platform.  

For comparability with other studies, we analyze the original raw data without applying 
transformation (e.g., normalization, following [11,13,14,16]). This is done to retain the originality of 
the data samples and to test the predictive capability of the models without depending on 
transformation techniques. As we focus on a wide range of companies, this approach also helps in 
preserving the divergence in magnitudes of the attributes’ values. Table 8 and Table 9 report the 
average values of the performance measures over 100 random 70/30 splits per feature set and 
prediction horizon. For the sake of consistency and robustness of the results, all performance metrics, 
including precision, recall, specificity, AUC, F-measure, and accuracy, for BiLSTM and CNN models 
are an average over 100 iterations of the same data with different random seeds (bootstrap), as shown 
in Table 8 and Table 9. We observe from these results that the ranking of the models depends highly 
on the evaluation criterion. When models are ranked by AUC, the tree ensembles perform best. At the 
one-year-ahead horizon, random forest achieves the highest AUC on the data-driven feature sets, with 
scores of 0.790 for the cumulative-importance set, followed by 0.781 for the RFECV set, as shown in 
Table 8. XGBoost and LightGBM achieve comparable results, whereas BiLSTM reaches an AUC of 
0.713 on the Altman feature set. However, AUC measures only the quality of a model’s probability 
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ranking and does not reflect the decisions a model makes at a given probability threshold. At the 
conventional decision threshold of 0.5, the pattern is reversed: The tree ensembles classify almost no 
companies as bankrupt. For example, random forest attains a recall near zero and a type II error close 
to one across all feature sets and both prediction horizons because their predicted probabilities rarely 
exceed 0.5 under such severe class imbalance. In contrast, BiLSTM remains an effective classifier at 
this threshold. Using the Altman feature set, it achieves the highest geometric mean of recall and 
specificity among all models, with values of 0.653 and 0.615 for the one- and two-year-ahead horizons, 
respectively. It also maintains relatively high recall, 0.629 and 0.600, with correspondingly lower type 
II errors of 0.371 and 0.400 (See Table 8 and Table 9). Among temporal datasets, the two-year-ahead 
dataset shows the lowest predictive performance because the observations are collected further from 
the bankruptcy onset, thus increasing forecasting uncertainty. In addition, the two-year-ahead 
prediction setting excludes financial information from the year immediately preceding bankruptcy, 𝑡 −1, which typically contains the predictive and informative distress signals, such as sharp deterioration 
in liquidity, leverage, and profitability ratios. As a result, the models must rely on earlier financial 
patterns that are less directly indicative of imminent bankruptcy risk. Across feature sets, the data-
driven selections, the cumulative-importance and RFECV sets, yield higher AUC values, while the 
compact five-ratio Altman set yields the superior detection in terms of G-mean at the default threshold 
for the deep learning models (e.g., BiLSTM). This indicates that a larger, data-driven feature sets 
improve probability ranking, as captured by AUC, while the classical Altman ratios remain highly 
competitive for threshold-based bankruptcy detection. In most cases, among the two deep learning 
models, BiLSTM consistently outperforms CNN, attaining higher AUC and a higher G-mean across 
feature sets and prediction horizons. Taken together, these results do not identify a single universally 
best model. Rather, model performance depends on the evaluation criterion and the operating threshold. 
Tree-based ensembles perform best in terms of AUC, whereas BiLSTM is the best-balanced detector 
at the conventional threshold in terms of G-mean. From a practical standpoint, the default-threshold 
behavior is the more relevant one, since a model is normally deployed at a fixed threshold rather than 
one re-tuned to each new sample, and only the deep models remain usable detectors under that 
constraint. This motivates the multi-criterion evaluation adopted in this study, in which models are 
compared not only by AUC but also by recall, specificity, G-mean, type I and type II errors, MCC, 
and the Brier score. Table 8 and Table 9 report the comprehensive set of performance measures for the 
benchmark and proposed models across feature sets and prediction horizons, respectively. Table 10 
and Table 11 provide a comparison of model performance for the one- and two-year-ahead horizons, 
respectively, showing how G-mean changes under the conventional threshold, the base-rate threshold, 
and each model’s optimal threshold from the threshold sweep. These results demonstrate that model 
rankings are threshold-dependent and that conclusions based solely on the default threshold may 
overlook substantially better prediction models.  
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Table 8. Performance metrics at the conventional decision threshold (t = 0.5) for the one-
year-ahead horizon. Values averaged over 100 random 70/30 company-level splits, with 
the best result for each metric highlighted in bold. 

Feature set Model Precision Recall Specificity F1 G-
mean 

AUC Type 
I err 

Type 
II err 

MCC Brier 

Altman (5) BiLSTM 0.061 0.629 0.686 0.110 0.653 0.713 0.314 0.371 0.117 0.197 
Altman (5) CNN 0.051 0.583 0.645 0.094 0.604 0.645 0.355 0.417 0.084 0.229 
Altman (5) LogReg 0.038 0.681 0.454 0.073 0.554 0.593 0.546 0.319 0.047 0.252 
Altman (5) LDA 0.132 0.013 0.997 0.023 0.078 0.548 0.003 0.987 0.030 0.032 
Altman (5) RandomForest 0.030 0.001 1.000 0.001 0.004 0.740 0.000 0.999 0.004 0.029 
Altman (5) XGBoost 0.074 0.459 0.817 0.127 0.610 0.723 0.183 0.541 0.121 0.131 
Altman (5) LightGBM 0.120 0.202 0.953 0.150 0.434 0.721 0.047 0.798 0.120 0.056 
Barboza (11) BiLSTM 0.062 0.526 0.743 0.110 0.617 0.692 0.257 0.474 0.106 0.177 
Barboza (11) CNN 0.039 0.462 0.623 0.071 0.527 0.537 0.377 0.538 0.032 0.253 
Barboza (11) LogReg 0.043 0.446 0.685 0.079 0.549 0.563 0.315 0.554 0.049 0.229 
Barboza (11) LDA 0.068 0.012 0.994 0.020 0.075 0.540 0.006 0.988 0.015 0.034 
Barboza (11) RandomForest 0.123 0.003 1.000 0.006 0.020 0.762 0.000 0.997 0.018 0.032 
Barboza (11) XGBoost 0.157 0.040 0.993 0.062 0.178 0.714 0.007 0.960 0.064 0.033 
Barboza (11) LightGBM 0.128 0.141 0.969 0.133 0.364 0.719 0.031 0.859 0.105 0.047 
RFECV BiLSTM 0.069 0.465 0.786 0.116 0.586 0.704 0.214 0.535 0.108 0.145 
RFECV CNN 0.049 0.481 0.699 0.088 0.571 0.633 0.301 0.519 0.068 0.206 
RFECV LogReg 0.053 0.574 0.669 0.096 0.614 0.693 0.331 0.426 0.089 0.188 
RFECV LDA 0.071 0.022 0.989 0.030 0.114 0.605 0.011 0.978 0.019 0.038 
RFECV RandomForest 0.125 0.006 1.000 0.011 0.031 0.781 0.000 0.994 0.024 0.031 
RFECV XGBoost 0.207 0.053 0.993 0.082 0.213 0.746 0.007 0.947 0.088 0.032 
RFECV LightGBM 0.298 0.014 0.999 0.025 0.078 0.763 0.001 0.986 0.055 0.031 
Cumulative-
imp. 

BiLSTM 0.071 0.337 0.846 0.110 0.515 0.679 0.154 0.663 0.090 0.117 

Cumulative-
imp. 

CNN 0.048 0.405 0.742 0.085 0.541 0.618 0.258 0.595 0.058 0.203 

Cumulative-
imp. 

LogReg 0.057 0.508 0.732 0.102 0.609 0.689 0.268 0.492 0.093 0.166 

Cumulative-
imp. 

LDA 0.064 0.035 0.983 0.044 0.167 0.586 0.017 0.965 0.024 0.043 

Cumulative-
imp. 

RandomForest 0.050 0.001 1.000 0.003 0.008 0.790 0.000 0.999 0.008 0.030 

Cumulative-
imp. 

XGBoost 0.306 0.047 0.997 0.079 0.199 0.762 0.003 0.953 0.107 0.030 

Cumulative-
imp. 

LightGBM 0.298 0.011 1.000 0.022 0.065 0.776 0.000 0.989 0.054 0.030 
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Table 9. Performance metrics at the conventional decision threshold (t = 0.5) for the two-
year-ahead horizon. Values averaged over 100 random 70/30 company-level splits, with 
the best result for each metric highlighted in bold. 

Feature set Model Precision Recall Specificity F1 G-
mean 

AUC Type I 
err 

Type 
II err 

MCC Brier 

Altman (5) BiLSTM 0.051 0.600 0.640 0.093 0.615 0.651 0.360 0.400 0.087 0.220 
Altman (5) CNN 0.044 0.547 0.610 0.081 0.566 0.602 0.390 0.453 0.057 0.229 
Altman (5) LogReg 0.039 0.653 0.481 0.073 0.558 0.587 0.519 0.347 0.047 0.251 
Altman (5) LDA 0.031 0.002 0.998 0.004 0.015 0.564 0.002 0.998 0.000 0.032 
Altman (5) RandomForest 0.000 0.000 1.000 0.000 0.000 0.679 0.000 1.000 −0.000 0.030 
Altman (5) XGBoost 0.063 0.412 0.806 0.109 0.574 0.673 0.194 0.588 0.094 0.141 
Altman (5) LightGBM 0.081 0.157 0.943 0.106 0.380 0.671 0.057 0.843 0.073 0.064 
Barboza (11) BiLSTM 0.055 0.501 0.724 0.099 0.597 0.652 0.276 0.499 0.087 0.193 
Barboza (11) CNN 0.037 0.440 0.629 0.067 0.515 0.524 0.371 0.560 0.025 0.243 
Barboza (11) LogReg 0.037 0.419 0.649 0.068 0.516 0.526 0.351 0.581 0.025 0.236 
Barboza (11) LDA 0.021 0.003 0.995 0.005 0.019 0.549 0.005 0.997 −0.004 0.034 
Barboza (11) RandomForest 0.010 0.000 1.000 0.000 0.001 0.710 0.000 1.000 0.001 0.033 
Barboza (11) XGBoost 0.131 0.037 0.992 0.056 0.176 0.656 0.008 0.963 0.053 0.035 
Barboza (11) LightGBM 0.091 0.112 0.965 0.100 0.320 0.665 0.035 0.888 0.069 0.053 
RFECV BiLSTM 0.053 0.425 0.748 0.091 0.540 0.647 0.252 0.575 0.070 0.162 
RFECV CNN 0.045 0.462 0.690 0.082 0.553 0.614 0.310 0.538 0.057 0.200 
RFECV LogReg 0.045 0.595 0.601 0.084 0.592 0.663 0.399 0.405 0.070 0.204 
RFECV LDA 0.029 0.005 0.993 0.007 0.029 0.611 0.007 0.995 −0.003 0.035 
RFECV RandomForest 0.045 0.001 1.000 0.003 0.008 0.714 0.000 0.999 0.007 0.032 
RFECV XGBoost 0.146 0.036 0.992 0.055 0.163 0.682 0.008 0.964 0.055 0.034 
RFECV LightGBM 0.143 0.006 0.999 0.011 0.036 0.693 0.001 0.994 0.023 0.031 
Cumulative-
imp. 

BiLSTM 0.056 0.289 0.835 0.088 0.470 0.630 0.165 0.711 0.059 0.125 

Cumulative-
imp. 

CNN 0.047 0.401 0.742 0.084 0.538 0.611 0.258 0.599 0.056 0.195 

Cumulative-
imp. 

LogReg 0.047 0.517 0.667 0.086 0.585 0.646 0.333 0.483 0.067 0.189 

Cumulative-
imp. 

LDA 0.026 0.009 0.987 0.013 0.055 0.576 0.013 0.991 −0.004 0.040 

Cumulative-
imp. 

RandomForest 0.000 0.000 1.000 0.000 0.000 0.727 0.000 1.000 −0.000 0.031 

Cumulative-
imp. 

XGBoost 0.172 0.023 0.997 0.041 0.125 0.697 0.003 0.977 0.052 0.031 

Cumulative-
imp. 

LightGBM 0.082 0.003 1.000 0.006 0.021 0.710 0.000 0.997 0.013 0.031 
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Table 10. Summary of the G-mean results for the one-year-ahead prediction horizon at the 
conventional threshold (t = 0.5), at the base-rate threshold (t = 0.031), and each model's 
optimal threshold from the threshold sweep. The results show that the same models 

Feature set Model G-mean at t = 0.5 G-mean at t = 0.031 Highest G-mean (at threshold) 

Altman (5) BiLSTM 0.653 0.095 0.653 (t = 0.5) 
Altman (5) CNN 0.604 0.056 0.604 (t = 0.5) 
Altman (5) LogReg 0.554 0.022 0.554 (t = 0.5) 
Altman (5) LDA 0.078 0.408 0.484 (t = 0.02) 
Altman (5) RandomForest 0.004 0.666 0.671 (t = 0.05) 
Altman (5) XGBoost 0.610 0.284 0.646 (t = 0.4) 
Altman (5) LightGBM 0.434 0.606 0.658 (t = 0.075) 
Barboza (11) BiLSTM 0.617 0.102 0.617 (t = 0.5) 
Barboza (11) CNN 0.527 0.322 0.527 (t = 0.5) 
Barboza (11) LogReg 0.549 0.152 0.549 (t = 0.5) 
Barboza (11) LDA 0.075 0.377 0.501 (t = 0.02) 
Barboza (11) RandomForest 0.020 0.566 0.692 (t = 0.075) 
Barboza (11) XGBoost 0.178 0.636 0.652 (t = 0.02) 
Barboza (11) LightGBM 0.364 0.634 0.658 (t = 0.05) 
RFECV BiLSTM 0.586 0.326 0.603 (t = 0.4) 
RFECV CNN 0.571 0.545 0.573 (t = 0.4) 
RFECV LogReg 0.614 0.462 0.614 (t = 0.5) 
RFECV LDA 0.114 0.380 0.465 (t = 0.02) 
RFECV RandomForest 0.031 0.605 0.708 (t = 0.075) 
RFECV XGBoost 0.213 0.557 0.635 (t = 0.01) 
RFECV LightGBM 0.078 0.224 0.277 (t = 0.01) 
Cumulative-imp. BiLSTM 0.515 0.357 0.568 (t = 0.3) 
Cumulative-imp. CNN 0.541 0.572 0.575 (t = 0.1) 
Cumulative-imp. LogReg 0.609 0.544 0.624 (t = 0.4) 
Cumulative-imp. LDA 0.167 0.344 0.525 (t = 0.01) 
Cumulative-imp. RandomForest 0.008 0.603 0.712 (t = 0.075) 
Cumulative-imp. XGBoost 0.199 0.527 0.626 (t = 0.01) 
Cumulative-imp. LightGBM 0.065 0.214 0.263 (t = 0.01) 
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Table 11. Summary of the G-mean results for the two-year-ahead prediction horizon at the 
conventional threshold (t = 0.5), at the base-rate threshold (t = 0.031), and each model's 
optimal threshold from the threshold sweep. The results show that the same models can 
rank differently under various amounts of threshold. 

Feature set Model G-mean at t = 0.5 G-mean at t = 0.031 Highest G-mean (at threshold) 

Altman (5) BiLSTM 0.615 0.036 0.615 (t = 0.5) 
Altman (5) CNN 0.566 0.065 0.566 (t = 0.5) 
Altman (5) LogReg 0.558 0.019 0.558 (t = 0.5) 
Altman (5) LDA 0.015 0.452 0.452 (t = 0.031) 
Altman (5) RandomForest 0.000 0.615 0.626 (t = 0.05) 
Altman (5) XGBoost 0.574 0.107 0.623 (t = 0.4) 
Altman (5) LightGBM 0.380 0.526 0.628 (t = 0.1) 
Barboza (11) BiLSTM 0.597 0.048 0.597 (t = 0.5) 
Barboza (11) CNN 0.515 0.314 0.515 (t = 0.5) 
Barboza (11) LogReg 0.516 0.118 0.516 (t = 0.5) 
Barboza (11) LDA 0.019 0.401 0.401 (t = 0.031) 
Barboza (11) RandomForest 0.001 0.505 0.646 (t = 0.075) 
Barboza (11) XGBoost 0.176 0.603 0.609 (t = 0.02) 
Barboza (11) LightGBM 0.320 0.568 0.621 (t = 0.075) 
RFECV BiLSTM 0.540 0.267 0.562 (t = 0.4) 
RFECV CNN 0.553 0.522 0.559 (t = 0.4) 
RFECV LogReg 0.592 0.413 0.592 (t = 0.5) 
RFECV LDA 0.029 0.436 0.436 (t = 0.031) 
RFECV RandomForest 0.008 0.535 0.651 (t = 0.075) 
RFECV XGBoost 0.163 0.522 0.598 (t = 0.01) 
RFECV LightGBM 0.036 0.150 0.215 (t = 0.01) 
Cumulative-imp. BiLSTM 0.470 0.280 0.528 (t = 0.3) 
Cumulative-imp. CNN 0.538 0.565 0.568 (t = 0.075) 
Cumulative-imp. LogReg 0.585 0.479 0.590 (t = 0.4) 
Cumulative-imp. LDA 0.055 0.360 0.533 (t = 0.02) 
Cumulative-imp. RandomForest 0.000 0.532 0.659 (t = 0.075) 
Cumulative-imp. XGBoost 0.125 0.490 0.585 (t = 0.01) 
Cumulative-imp. LightGBM 0.021 0.123 0.189 (t = 0.01) 
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Table 12. Paired Wilcoxon signed-rank tests comparing BiLSTM against each benchmark 
model in terms of AUC and G-mean at t = 0.5, based on 100 random 70/30 company-level 
splits. Positive Δ values indicate higher performance for BiLSTM. Significance levels are 
denoted as follows: ***: p < 0.001, **: p < 0.01, *: p < 0.05, and ns: p ≥ 0.05. 

Horizon Feature set Benchmark ΔAUC 
P-value 
(AUC) 

Sig. ΔG-mean 
P-value 

(G-mean) 
Sig. 

1-year Altman (5) CNN 0.068 2.4e-15 *** 0.049 1.1e-11 *** 
1-year Altman (5) LogReg 0.120 5.1e-18 *** 0.099 5.3e-18 *** 
1-year Altman (5) LDA 0.166 4.1e-18 *** 0.576 3.9e-18 *** 
1-year Altman (5) RandomForest −0.026 4.9e-10 *** 0.649 3.9e-18 *** 
1-year Altman (5) XGBoost −0.009 0.016 * 0.043 6.1e-12 *** 
1-year Altman (5) LightGBM −0.007 0.115 ns 0.220 3.9e-18 *** 
1-year Barboza (11) CNN 0.156 4.8e-18 *** 0.090 1.3e-14 *** 
1-year Barboza (11) LogReg 0.130 4e-18 *** 0.069 2.5e-13 *** 
1-year Barboza (11) LDA 0.152 4.3e-18 *** 0.543 3.9e-18 *** 
1-year Barboza (11) RandomForest −0.070 5.1e-18 *** 0.597 3.9e-18 *** 
1-year Barboza (11) XGBoost −0.022 1.9e-06 *** 0.439 3.9e-18 *** 
1-year Barboza (11) LightGBM −0.027 1.1e-08 *** 0.254 3.9e-18 *** 
1-year RFECV CNN 0.071 9.8e-17 *** 0.015 0.012 * 
1-year RFECV LogReg 0.011 0.041 * −0.028 0.022 * 
1-year RFECV LDA 0.099 5.9e-18 *** 0.473 3.9e-18 *** 
1-year RFECV RandomForest −0.078 7.3e-18 *** 0.555 3.9e-18 *** 
1-year RFECV XGBoost −0.042 1.2e-10 *** 0.373 3.9e-18 *** 
1-year RFECV LightGBM −0.060 2.5e-15 *** 0.508 3.9e-18 *** 
1-year Cumulative-imp. CNN 0.062 3.8e-15 *** −0.026 0.098 ns 
1-year Cumulative-imp. LogReg −0.010 0.123 ns −0.093 1.2e-11 *** 
1-year Cumulative-imp. LDA 0.093 9.6e-18 *** 0.348 3.9e-18 *** 
1-year Cumulative-imp. RandomForest −0.111 3.9e-18 *** 0.507 3.9e-18 *** 
1-year Cumulative-imp. XGBoost −0.082 4.1e-18 *** 0.317 3.9e-18 *** 
1-year Cumulative-imp. LightGBM −0.096 3.9e-18 *** 0.450 3.9e-18 *** 
2-year Altman (5) CNN 0.048 2.3e-13 *** 0.049 3.3e-12 *** 
2-year Altman (5) LogReg 0.064 5e-17 *** 0.057 8.7e-15 *** 
2-year Altman (5) LDA 0.087 5.4e-18 *** 0.600 3.9e-18 *** 
2-year Altman (5) RandomForest −0.028 2.9e-10 *** 0.615 3.9e-18 *** 
2-year Altman (5) XGBoost −0.022 2.6e-07 *** 0.041 6.3e-10 *** 
2-year Altman (5) LightGBM −0.020 7e-06 *** 0.235 3.9e-18 *** 
2-year Barboza (11) CNN 0.128 4.1e-18 *** 0.082 3.3e-14 *** 
2-year Barboza (11) LogReg 0.125 5.3e-18 *** 0.082 2.6e-16 *** 
2-year Barboza (11) LDA 0.102 1.5e-17 *** 0.578 3.9e-18 *** 
2-year Barboza (11) RandomForest −0.058 5.8e-17 *** 0.596 3.9e-18 *** 
2-year Barboza (11) XGBoost −0.004 0.698 ns 0.422 3.9e-18 *** 
2-year Barboza (11) LightGBM −0.013 0.032 * 0.277 3.9e-18 *** 
2-year RFECV CNN 0.033 3.2e-09 *** −0.013 0.611 ns 
2-year RFECV LogReg −0.016 0.00032 *** −0.052 4.6e-06 *** 

Continued on next page 
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Horizon Feature set Benchmark ΔAUC 
P-value 
(AUC) 

Sig. ΔG-mean 
P-value 

(G-mean) 
Sig. 

2-year RFECV LDA 0.036 2.1e-08 *** 0.511 3.9e-18 *** 
2-year RFECV RandomForest −0.067 2.8e-17 *** 0.532 3.9e-18 *** 
2-year RFECV XGBoost −0.035 7.9e-10 *** 0.377 3.9e-18 *** 
2-year RFECV LightGBM −0.046 4e-12 *** 0.504 3.9e-18 *** 
2-year Cumulative-imp. CNN 0.019 0.00056 *** −0.068 1.6e-06 *** 
2-year Cumulative-imp. LogReg −0.017 0.003 ** −0.115 4.2e-15 *** 
2-year Cumulative-imp. LDA 0.054 4.3e-13 *** 0.415 3.9e-18 *** 
2-year Cumulative-imp. RandomForest −0.097 3.9e-18 *** 0.470 3.9e-18 *** 
2-year Cumulative-imp. XGBoost −0.067 2.5e-17 *** 0.345 4.5e-18 *** 
2-year Cumulative-imp. LightGBM −0.080 1.1e-17 *** 0.449 3.9e-18 *** 

 

Figure 7. Comparison of the G-mean versus decision threshold for the one-year-ahead 
horizon, shown separately for each feature set: Altman, Barboza, RFECV-selected, and 
cumulative-importance. Each curve represents a model, and the dashed vertical lines 
indicate the bankruptcy base-rate threshold (t = 0.031) and the conventional default 
threshold (t = 0.5). 

Figure 7 shows that the threshold-dependent behavior of the models is broadly consistent across 
the four feature sets. The tree-based ensembles, particularly random forest and XGBoost, generally 
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achieve their highest G-mean at relatively low thresholds near the bankruptcy base rate t = 0.031 and 
then decline as the threshold approaches the conventional value of t = 0.5. This pattern is especially 
pronounced for random forest, whose balanced detection deteriorates sharply at higher thresholds. 
Under severe class imbalance, predicted bankruptcy probabilities often remain well below 0.5, so the 
threshold of 0.5 suppresses many positive predictions and reduces recall. By contrast, BiLSTM 
maintains relatively high G-mean values at higher thresholds and is one of the most effective detectors 
at the conventional operating point (t = 0.5). CNN shows a similar but less consistent pattern. Logistic 
regression behaves differently from the tree ensembles in several panels, often improving as the 
threshold increases. Overall, the figure demonstrates that model rankings are highly threshold-
dependent: Tree-based ensembles can achieve high peak performance when the threshold is tuned 
toward the base rate, whereas BiLSTM remains comparatively robust at t = 0.5. The recurrence of this 
pattern across the Altman, Barboza, RFECV-selected, and cumulative-importance feature sets suggests 
that the contrast is driven more by model behavior under class imbalance than by the specific feature 
set used. 

The dependence of model ranking on the decision threshold is consistent with a well-established 
literature on cost-sensitive classification, in which the conventional threshold of 0.5 is shown to be 
optimal only when the two classes are balanced and the two types of misclassifications carry the same 
cost [76–78]. Neither condition holds in bankruptcy prediction: The sample is severely imbalanced 
and the cost of failing to flag a company that subsequently fails (a type II error) is usually much larger 
than the cost of a false alarm [8,79]. Tree-based models with well-calibrated probabilities concentrate 
their predicted scores well below 0.5 under such imbalance, so applying the default threshold 
effectively suppresses all positive predictions and produces the near-zero recall observed in Tables 8 
and 9. When the threshold is allowed to vary, the same random forest models recover and reach the 
highest geometric means in our experiments (Table 10 for the one-year-ahead horizon and Table 11 
for the two-year-ahead horizon), with peaks near the bankruptcy base rate (t ≈ 0.075). This pattern, 
summarized in Figure 7, motivates evaluating models across a range of thresholds rather than at a 
single fixed value, particularly when the operating cost ratio is uncertain or stakeholder dependent. 

The trade-off between the classical and data-driven feature sets is also informative. The compact 
five-ratio Altman set yields the best balanced detection at the conventional threshold for the deep 
learning models, while the larger data-driven sets, RFECV and cumulative importance, yield the 
highest AUC values and the highest G-means for the tree ensembles, as shown in Table 10. This 
indicates that the Altman ratios encode information that is discriminative at the default operating point 
(t = 0.5), but that larger feature sets are required to maximize probability ranking performance. 

Taken together, these results suggest that the choice of the best model for bankruptcy prediction 
is inseparable from the user’s loss function. A lender who places greater weight on missed defaults 
than on false alarms may prefer to operate random forest at a low threshold, around t ≈ 0.05–0.075, 
where it achieves a G-mean above 0.70 with the data-driven feature sets. By contrast, a regulator or 
auditor who assigns approximately equal costs to missed defaults and false alarms may prefer BiLSTM 
with the Altman ratios at the conventional threshold, as it provides a balanced detection profile without 
requiring threshold tuning. The full set of performance measures and threshold sweeps reported here 
is intended to support both types of decision-making. 
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To determine whether the performance differences between models are statistically significant, 
BiLSTM is further compared against each benchmark model using paired Wilcoxon signed-rank tests 
based on the 100 paired AUC and G-mean values for each model comparison, as shown in Table 12. 
The results confirm the criterion-dependent pattern observed above. In terms of AUC, BiLSTM 
performs significantly better than CNN, logistic regression, LDA, random forest, XGBoost, and 
LightGBM in most cases. However, it performs significantly worse compared to logistic regression 
with the cumulative-importance feature set and LightGBM with the Altman five-feature set for the 
one-year-ahead prediction horizon, as well as XGBoost with the Barboza 11-feature set for the two-
year-ahead prediction horizon. In contrast, for the G-mean at the threshold 0.5, BiLSTM significantly 
outperforms every benchmark model except CNN with the cumulative-importance feature set for the 
one-year-ahead horizon and CNN with the RFECV feature set for the two-year-ahead horizon. The 
differences are especially large relative to the tree-based ensemble models, whose balanced detection 
deteriorates at the threshold of 0.5. Nearly all comparisons are statistically significant at the 0.1% level. 

To assess whether the reported performance is robust to the macroeconomic conditions and 
industry composition represented in the 1994 to 2020 sample, we conduct a stratified robustness 
analysis. Specifically, we pool the one-year-ahead out-of-sample predictions across all 100 random 
seeds, stratify them by economic sub-period and SIC industry division, and recompute the AUC within 
each stratum. In Table 13 and Table 14, 𝑛 refers to the number of pooled test predictions in each 
stratum and “events” is the number of predictions that corresponding to bankrupt companies. The AUC 
is computed once using the pooled predictions, rather than averaged across seeds, to ensure that even 
relatively sparse strata contain a sufficient number of bankruptcy events for estimation. For brevity, 
we report results for the strongest ranking-based model, random forest with the cumulative-importance 
feature set, and the proposed deep learning model, BiLSTM, with the Altman feature set. 

Table 13. One-year-ahead AUC by economic sub-period, computed on out-of-sample 
predictions pooled across the 100 seeds, where n refers to the number of pooled predictions 
and events the number corresponding to bankrupt companies. 

Period 𝑛 Events RF + cumimp BiLSTM + Altman 
≤ 2001 (incl. dot-com) 40,645 2,141 0.751 0.715 
2002–2007 29,502 1,310 0.751 0.669 
2008–2012 (GFC) 18,431 893 0.752 0.687 
2013–2020 58,022 156 0.820 0.668 

Model discrimination is generally stable across the major economic periods in which bankruptcy 
events are sufficiently represented. For the random forest model, the AUC remains essentially 
unchanged across the pre-2002 period, the 2002–2007 expansion period, and the 2008–2012 financial-
crisis window, with values of 0.751, 0.751, and 0.752, respectively. This indicates no deterioration in 
discriminatory performance during the financial-crisis period. The BiLSTM shows a similar pattern, 
with AUC values of 0.715, 0.669, and 0.687 across the same periods. The 2013–2020 window should 
be interpreted with caution because its estimates primarily reflect the structure of the panel and right-
censoring rather than a clear change in model performance. Each company is assigned to the period 
corresponding to its last year in the panel. For bankrupt companies, this year corresponds to the 
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bankruptcy year; however, for surviving companies, it corresponds only to the final year in which the 
company appears in the data. Because many surviving companies remain in the panel through the 2020 
sample cutoff, the 2013–2020 window consists almost entirely of surviving companies, with 
approximately 58,000 pooled predictions and only a small number of distinct bankruptcy events. Its 
failure rate is therefore approximately 0.3%, compared with 4–5% in earlier periods. As a result, the 
AUC for this most recent window is estimated from too few events to be considered reliable. 
Importantly, the bankruptcy events in the sample are concentrated in 1994–2012, a period that includes 
the dot-com downturn and the financial crisis. 

Table 14. One-year-ahead AUC by SIC industry division, computed on out-of-sample 
predictions pooled across the 100 seeds. No AUC is reported for the construction division 
because it contains no bankruptcy events in the sample. 

Division 𝑛 Events RF + cumimp BiLSTM + Altman 
Manufacturing 90,099 2,556 0.809 0.716 
Services 38,330 1,371 0.723 0.643 
Transportation & Utilities 11,443 515 0.817 0.796 
Wholesale Trade 5,592 58 0.786 0.744 
Construction 1,136 0 — — 

A similar pattern of stability is observed across industries. In the three SIC divisions that account 
for most of the sample, Manufacturing, Services, and Transportation & Utilities, the random forest 
achieves AUC values of 0.81, 0.72, and 0.82, respectively, while the BiLSTM achieves AUC values 
of 0.72, 0.64, and 0.80, respectively. The Wholesale Trade division contains too few bankruptcy events, 
and the Construction division contains none, so the corresponding estimates should be interpreted with 
caution or are not estimable. Because the sample is concentrated primarily in Manufacturing and 
Services, which together account for the large majority of companies, we note this industry 
composition as a scope condition of the study. Taken together, the stratified results show no systematic 
decline in discrimination across economic regimes, including the global financial crisis, or across the 
well-populated industry sectors. This indicates that the predictive performance of the models reflects 
company-level financial fundamentals that remain informative across the economic and industry 
conditions represented in the sample, rather than being driven by a particular time period or industry. 
Nevertheless, a formal out-of-time evaluation and the explicit inclusion of macroeconomic variables, 
year effects, or industry-level covariates remain important extensions of this analysis, as discussed in 
Section 5. 

4.4. Model interpretations 

In this section, we interpret the configuration that achieves the highest discrimination in Table 10 
of Section 4.3: The random forest classifier applies to the two data-driven feature sets, cumulative-
importance and RFECV, at a threshold of 0.075. We use Shapley Additive Explanations (SHAP) [80] 
to analyze the effect of these predictor variables. As Section 4.3 shows, model superiority is criterion-
dependent. The tree ensembles, led by random forest, achieve the highest AUC values, 0.790 and 0.781 
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for the cumulative-importance and RFECV sets, respectively. They also result in the highest peak G-
means, with values of 0.712 and 0.708 for the cumulative-importance and RFECV feature sets, 
respectively. By contrast, BiLSTM provides the strongest balanced detection at the conventional 
decision threshold. We focus the interpretation on random forest for two reasons. First, it leads to the 
threshold-independent criteria considered here. Second, as a tree ensemble, it enables exact Shapley-
value attribution through TreeExplainer, avoiding the sampling approximations required for sequence 
models. Because the data-driven feature sets are shared across all models, the resulting importance 
rankings characterize the feature space used throughout the study. SHAP values quantify each feature’s 
marginal contribution to a prediction using a cooperative game-theoretic approach, and we aggregate 
them across companies and time steps to obtain a single mean-absolute SHAP value for each variable. 
To assist economic interpretation, the SHAP plots use self-explanatory variable labels, such as “Total 
liabilities” instead of “lt” and “Working capital/Total assets” instead of “A”. 

Figures 8 and 9 report the fifteen most influential variables for the random forest using the 
cumulative-importance and RFECV feature sets, respectively. The horizontal axis measures the mean 
absolute SHAP value in units of predicted bankruptcy probability. Each value represents the average 
magnitude across all companies and time steps, by which a given variable shifts the predicted 
probability of default away from the model’s baseline prediction. Because the unconditional 
bankruptcy rate in the sample is low (approximately 3%), the predicted probabilities and the 
corresponding SHAP contributions are small in absolute terms. Accordingly, the plots should be 
interpreted by comparing the relative magnitudes of the bars rather than their absolute value. 

The two feature sets produce a consistent interpretation. In both cases, the three most influential 
variables are the Altman ratios: EBIT/total assets, retained earnings/total assets, and working 
capital/total assets. These are followed by income before extraordinary items, the two Altman 
composite scores, the original Z-score and the four-variable Z''-score, and market-based variables such 
as the fiscal year-end share price and earnings per share. 

Fourteen of the fifteen highest-ranked variables overlap across the two selection methods, 
indicating that the SHAP attributions capture genuine economic signal rather than the idiosyncrasies 
of a particular selection rule. Notably, even within the much larger data-driven feature sets, containing 
56 and 68 variables, respectively, the classic Altman solvency and profitability ratios dominate the 
model’s risk assessment. The Altman composite scores also rank among the leading contributors. Thus, 
the SHAP analysis confirms the enduring relevance of the Altman framework, while showing that the 
data-driven feature sets add incremental information through variables such as common-stock capital, 
asset growth, and operating margin. These rankings also align with the selection-frequency analysis 
presented in Table 6: the variables on which the model relies most are also those most consistently 
selected across the random splits. Feature-importance and selection-stability evidence therefore 
converge on the same small set of core predictors. 
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Figure 8. The fifteen most influential variables, measured by mean absolute SHAP, for 
the random forest with the cumulative-importance feature set at the one-year-ahead 
horizon. 

 

Figure 9. The fifteen most influential variables, measured by mean absolute SHAP, for 
the random forest with the RFECV feature set at the one-year-ahead horizon. 
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To check that the proposed deep model bases its predictions on economically sensible variables 
rather than spurious patterns, we also apply SHAP to the best-performing BiLSTM configuration. 
Because the BiLSTM achieves its strongest balanced detection performance using the Altman feature 
set, we focus the interpretation on this specification. We use a gradient-based SHAP explainer 
appropriate for recurrent neural networks and compute feature importance by averaging the absolute 
SHAP values across companies and time steps.  

Figure 10 presents the resulting feature-importance ranking. The BiLSTM relies most heavily on 
EBIT/total assets (Altman C) and retained earnings/total assets (Altman B), while the market-leverage, 
liquidity, and turnover ratios make smaller contributions. This ranking is highly consistent with the 
ordering obtained from the random forest model and aligns with the established role of operating 
profitability and accumulated retained earnings in bankruptcy and financial-distress prediction. The 
fact that a tree-based ensemble and a bidirectional recurrent neural network identify the same leading 
predictors suggests that the main predictive signal is driven by interpretable financial fundamentals, 
rather than the behavior of any one model. 

 

Figure 10. Variable importance, measured by mean absolute SHAP, for the BiLSTM 
model with the Altman feature set at the one-year-ahead prediction horizon. 

5. Concluding remarks  

Financial risk analysis is a significant aspect to many financial and business institutions and its 
beneficiaries. It is necessary that any institution should avoid a situation of poor financial status, such 
as bankruptcy or liquidation of assets to protect its beneficiaries. Thus, the study of financial risk 
analysis has been focused on for a long time and continuous to be so. In our experiment, we attempt 
to predict the status of companies using various financial features. Our computational results 
demonstrate that temporal data helps in efficiently capturing the behavior of companies using advanced 
machine learning algorithms. In particular, we examined the effectiveness of two well-known deep 
learning algorithms for the bankruptcy prediction problem. We showed that our BiLSTM would 
improve predictive accuracy using past and future time steps. Moreover, we used the recursive feature 
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elimination technique to select important features from a large set of features and compared them with 
traditional financial indicators.  

Our findings of this study have important practical implications for financial institutions, 
investors, and policymakers. Accurate early bankruptcy prediction models can assist banks, lenders, 
and credit agencies in improving credit risk assessment, loan approval processes, portfolio 
management, and financial monitoring systems. In addition, investors and business analysts may use 
such predictive tools to better evaluate corporate financial stability and investment risk. From a 
regulatory perspective, the proposed framework may help policymakers and financial oversight 
agencies identify financially vulnerable companies earlier and enable more proactive intervention 
strategies and improved monitoring of systemic financial risk during periods of economic uncertainty.  

We observed that the data-driven feature sets achieve the highest AUC values, while the compact 
Altman five-ratio set is the most effective for balanced detection at the conventional threshold. To 
show the advantages of our BiLSTM and CNN methods, we performed an extensive experimental 
study under one-year-ahead and two-year-ahead bankruptcy prediction settings with various sets of 
features. The comprehensive comparison shows that no single model is best across all criteria. The 
tree-based ensemble models, led by random forest, achieve the highest AUC, whereas BiLSTM is the 
strongest balanced detector at the conventional decision threshold and consistently outperforms CNN. 
Because a model with high AUC may nonetheless fail to flag any bankrupt companies at the default 
threshold under severe class imbalance, we argue that bankruptcy-prediction models should be 
assessed using multiple complementary criteria rather than AUC alone. This suggests that BiLSTM is 
a better prediction model in comparison with the CNN model for the data and features used in this 
experiment. More substantively, the gap in default-threshold performance highlights the practical 
contribution of the proposed deep learning models. In deployment, the BiLSTM can identify failing 
companies without the case-specific threshold tuning required by tree-based ensembles before they 
detect any bankrupt companies. Moreover, the SHAP analysis indicates that the BiLSTM’s predictions 
are driven by the same economically meaningful Altman ratios that influence the tree-based models. 
Thus, in this setting, deep learning provides a bankruptcy prediction tool that is reliable at a realistic 
operating threshold and interpretable. 

To discover the effectiveness of the models for two-year-ahead bankruptcy prediction, we 
conducted experiments using a dataset that excludes the most recent pre-bankruptcy financial year. As 
expected, the predictive performance in the two-year-ahead setting is lower than that of the one-year-
ahead prediction setting, which reveals the increased difficulty of forecasting bankruptcy further in 
advance when the most informative recent financial information is unavailable. 

There are many aspects in which this work can be further explored. One of the extensions would 
be to explore the quarterly and monthly financial datasets to construct longer time series and further 
enhance the temporal modeling capability of BiLSTM architectures. Future work will also entail time-
based out-of-sample evaluation strategies, including chronological and rolling-window testing, using 
larger and more comprehensive longitudinal company-level datasets to better reflect real-world 
bankruptcy prediction settings. Textual data can also be used for deep learning models to predict the 
financial stability of companies [41]. More advanced feature selection techniques can be implemented 
with the help of deep learning models [81,82] rather than the static recursive feature elimination 
technique. An interesting advantage of having the probability scores for the prediction is that the cutoff 
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level can be customized to analyze the risk of a company. For example, if a company’s probability of 
being bankrupt is 0.3, this can be used to flag the company as risky or under financial distress. 
Additionally, researchers can incorporate bankruptcy prediction into a supplier selection and portfolio 
optimization framework, as well as into a supply chain network reliability analysis. A limitation of this 
study is that the proposed framework does not explicitly account for macroeconomic cycles or 
industry-specific effects, which may influence bankruptcy risk across time periods and sectors. Future 
research will entail incorporating temporal economic indicators, industry-level variables, year dummy 
variables, and industry-adjusted variables to improve model robustness, generalizability, and 
sensitivity to dynamic economic conditions. We also used company-level to preserve company-
specific temporal financial patterns, which are key to the BiLSTM modeling framework; however, 
industry-level imputation strategies may also be explored in future work to account for sector-specific 
financial characteristics. 
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