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Abstract: The prediction of bankruptcy risk poses a formidable challenge in the fields of economics
and finance, particularly within the healthcare industry, where it carries significant economic im-
plications. The burgeoning field of healthcare electronic commerce, continuously evolving through
technological advancements and changing regulations, introduces additional layers of complexity. We
collected financial data from 1265 U.S. healthcare industries to predict bankruptcy based on 40 finan-
cial ratios using multi-class classification machine learning models across various industry subsectors
and market capitalizations. The exceptionally high post-tuning accuracy rates, exceeding 90%, along
with high-performance metrics solidified the robustness and exceptional predictive capability of
the gradient boosting model in bankruptcy prediction. The results also demonstrate the power
and sensitivity of financial ratios in predicting bankruptcy based on financial ratios. The Altman
models highlight the return on investment (ROI) as the most important parameter for predicting
bankruptcy risk in healthcare industries. The Ohlson model identifies return on assets (ROA) as an
important ratio specifically for predicting bankruptcy risk within industry subsectors. Furthermore,
it underscores the significance of both ROA and the enterprise value to earnings before interest
and taxes (EV/EBIT) ratios as important parameters for predicting bankruptcy based on market
capitalization. Recognizing these ratios enables proactive decision making that enhances resilience.
Our findings contribute to informed risk management strategies, allowing for better management of
healthcare industries in crises like those experienced in 2022 and even on a global scale.

Keywords: bankruptcy; healthcare industry; USA stock market; financial ratio; machine learning;
gradient boosting; Altman Z-score model; Ohlson model; financial health; risk management

1. Introduction

Bankruptcy risk analysis, a critical domain in economic and financial research, presents
significant challenges due to the varied benchmarks across industries and their complex
interactions with diverse factors in finance, law, and economics [1,2]. Particularly within the
healthcare sector, these challenges are magnified due to their substantial influence on public
health and socio-economic stability. This sector not only plays a pivotal role in employment
and serves as a key focus for investment but also substantially impacts the broader medi-
cal and financial ecosystems through the repercussions of hospital and health insurance
provider bankruptcies [1-10]. Moreover, the correlation between healthcare sector financial
distress and personal bankruptcies, notably driven by uninsured medical expenses, under-
scores this issue’s severity; nearly two-thirds of all U.S. personal bankruptcies are medically
related [7,8]. Additionally, the interaction between instabilities in the healthcare industry
bankruptcies has been recognized [11]. In this context, the burgeoning field of electronic
commerce (e-commerce) emerges as a significant factor. The evolution and integration of
e-commerce have revolutionized investment patterns and financial stability across many
sectors, including healthcare. E-commerce platforms enhance the accessibility and distri-
bution of healthcare services and products, thereby influencing the financial dynamics of
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healthcare institutions. These platforms also affect consumer behavior and spending on
health services, potentially increasing the financial risk for healthcare providers that fail
to adapt to digital marketplaces. Furthermore, e-commerce introduces new regulatory
challenges and competitive pressures that can exacerbate financial instability in the health-
care sector. As e-commerce continues to expand, its impact on the stock market dynamics
that underpin the financial health of medical entities cannot be overlooked. Therefore, the
interplay between e-commerce and healthcare financial stability is critical for predicting
potential bankruptcies in this sector. This study aims to address this nuanced landscape by
focusing on the bankruptcy risk in U.S. medical and healthcare entities, influenced by stock
market dynamics.

The year 2022 presents a unique context for analyzing bankruptcy risk in the U.S.
healthcare industries, characterized by challenging economic conditions. This period saw a
bear market, record-high inflation levels not seen in over four decades, and a marked in-
crease in interest rates [Federal Reserve, 2023], all unfolding alongside the ongoing recovery
from the COVID-19 pandemic. Such conditions precipitated significant market volatility,
acutely impacting growth-sensitive sectors, notably medical and healthcare. Our research is
positioned to delve into bankruptcy risk within this particular timeframe, aiming to provide
healthcare stakeholders with critical insights. By analyzing this period, we intend to alert
them to potential financial instabilities and propose preemptive strategies to effectively
navigate and mitigate bankruptcy risks during comparable periods of economic adversity.

2. Literature Review

Given the capability of financial ratios to reflect critical elements of a company’s finan-
cial status, several studies have investigated the use of these ratios in assessing bankruptcy
risk, particularly in sectors outside of medical and healthcare. These studies typically em-
ploy traditional statistical methods, such as discriminant and regression analysis, to analyze
bankruptcy risks. Supriyanto et al. conducted an investigation into financial distress in
mining companies, with a specific focus on financial ratios [12]. Similarly, Amalia et al.
examined financial ratios to predict company bankruptcy in the cigarette industry [13].
Lee et al. explored the financial ratios of savings banks in relation to bankruptcy through
quantitative empirical analysis using statistical models [14]. Additionally, Tian et al. stud-
ied bankruptcy prediction across international markets with financial ratios by employing
adaptive statistical techniques and a discrete hazard statistical model [15]. Traditional sta-
tistical methods can generally identify the significance and relationship of each individual
parameter, such as financial ratios, with bankruptcy. Nevertheless, given the multi-factorial
nature of bankruptcy, it is imperative to consider the impact of all financial ratios simulta-
neously for bankruptcy prediction. Moreover, the intricate interconnections between these
ratios should also be taken into account during this predictive analysis. Therefore, these
traditional statistical analyses may not be fully capable of discerning the intricate interplay
between financial parameters and bankruptcy [16].

Artificial intelligence and machine learning methods have demonstrated a greater ap-
titude than traditional statistical analysis for addressing concerns in evaluating bankruptcy
risk. Having emerged as pivotal technologies in the fourth industrial revolution [17,18],
these methods enable the development of sophisticated models that consider both the mul-
tifaceted roles of financial ratios and the interrelationships between them. Recent studies
have delved into the application of diverse machine learning algorithms to ascertain which
models are most effective in predicting bankruptcy and financial distress [19-22]. These
investigations aim to enhance the accuracy and reliability of bankruptcy predictions by
leveraging the advanced analytical capabilities of machine learning. Additionally, some of
these studies have applied these models to assess the dynamics of financial distress and
bankruptcy in non-healthcare industries across various subsectors [23-35]. Carmona et al.
implemented innovative machine learning algorithms to predict bankruptcy in French
firms [36]. They assessed the prediction of business financial distress and bankruptcy in
French firms using a novel machine learning model. In another study, they proposed
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an enhanced gradient boosting machine learning algorithm for bankruptcy prediction,
and their experimental results substantiated its superiority in comparison to traditional
feature selection methods [37]. Lombardo et al. contributed to the prediction of corporate
bankruptcy by utilizing machine learning algorithms that estimate survival probabilities
and predict defaults, employing time-series accounting data [38]. They also suggested
an innovative method capable of detecting emerging risks within particular sectors and
industries, thus aiding in the identification of market segments where firms remain undis-
turbed by disruptions [39]. Bragoli et al. also developed a predictive model that classified
solvent and bankrupt firms, utilizing the enhanced gradient boosting machine learning
algorithm [40].

Some studies have concentrated on predicting bankruptcy risk during specific critical
time periods characterized by economic crises. This focus is crucial as economic downturns
significantly alter the financial landscape, thereby impacting the accuracy and relevance of
bankruptcy prediction models. Liu et al. focused on high-tech and startup businesses in
Europe after the 2008 economic crisis, emphasizing the predictive capabilities of machine
learning, which could potentially even contribute to preventing failures or acquisitions [41].
Papik et al. explored the prediction of financial distress and bankruptcy risk among
small- and medium-sized enterprises (SMEs) during the COVID-19 crisis using machine
learning [42]. They advised against the use of qualitative indicators in SME prediction
models and noted a shift in the relationship with historical financial data between 2019
and 2020 due to the COVID-19 pandemic. Liu et al. explored the influence of public health
crises on the economic prospects of SMEs by utilizing machine learning analysis [43]. Their
investigation into the predictive aspects of credit default risks for SMEs post COVID-19
underscores the effectiveness of machine learning methods in assessing and controlling
credit risk, thereby elucidating its impact on SMEs.

3. Objective

Previous research has laid important groundwork in bankruptcy risk analysis; how-
ever, unresolved issues persist, and new challenges have emerged, particularly in the
context of the economic climate of 2022 [1,38]. There is considerable uncertainty regarding
the most effective financial metrics for predicting bankruptcy in the healthcare industry.
Notably, the application of bankruptcy prediction within the healthcare industry, especially
through machine learning techniques, remains underexplored. This study innovatively
focuses on predicting bankruptcy across various subsectors and market capitalizations
within the healthcare industry. We utilized a comprehensive set of financial ratios for
prediction, acknowledging their widespread applicability and establishing a new precedent
in financial analysis. Financial ratios offer a diverse set of financial metrics that provide a
concise yet powerful snapshot of a company’s financial health and resilience [44]. This re-
search aims to address these gaps by focusing on the bankruptcy risk analysis of healthcare
industries in the United States, with particular emphasis on the economically tumultuous
year of 2022. Our primary objective was to employ machine learning algorithms to analyze
the intricate relationship between financial ratios and bankruptcy risk in the healthcare
industry. Additionally, we aimed to identify the most effective financial ratios that are
most crucial and sensitive for predicting bankruptcy in these sectors. Our approach seeks
to provide strategic insights for stakeholders in the healthcare stock market, including
investors, policymakers, shareholders, and healthcare professionals. Through this, we
aspire to contribute to the financial stability and resilience of the medical and healthcare
sectors by facilitating informed decision making.

4. Data, Methodology, and Variables
4.1. Data Collection

Due to the lack of precise financial information on the medical and healthcare stock
market in available financial databases, we gathered financial data from the U.S. healthcare
stock market via Sec.gov, covering 1265 companies. The data were sourced from official 2022
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reports, including balance sheets, income statements, and cash flow statements, all publicly
available. For the purpose of this study, the time-dependent financial ratios were derived
from data spanning a full calendar year, specifically from 1 January 2022 to 1 January 2023.
This approach was deliberately chosen to align with standard financial reporting practices,
which typically reflect the financial status of an entity at both the beginning and the end
of each year. The calculated ratios in Table 1 encapsulate the financial dynamics within
this period, offering a snapshot of each company’s financial health at these critical fiscal
junctures. The detailed formulas and definitions for these 40 financial ratios are provided
in Table 1 and Supplementary Material S1. These ratios encompass a multitude of nuanced
sub-parameters across key financial dimensions, including but not limited to indebtedness,
cash flow dynamics, profitability metrics, and sector-specific peculiarities, all of which are
fundamentally extrapolated from an extensive array of financial data pertaining to stocks.
For instance, the debt-to-equity ratio sheds light on a company’s leverage structure, whereas
ratios such as the operating cash flow ratio, price-to-free cash flow ratio, and the cash ratio
collectively provide a multifaceted understanding of its liquidity situation. In a similar
vein, the current ratio and the debt ratio deliver a concise yet informative overview of the
company’s debt landscape. On the front of profitability analysis, indicators such as the
gross profit margin, net profit margin, and return on equity are of paramount importance.
Further, ratios like price-to-sales and price-to-book value are essential in gleaning insights
on the peculiarities inherent to the specific industry in question. Collectively, these ratios
are imperative in constructing a comprehensive and insightful portrayal of a firm’s financial
vitality and its strategic standing within its respective sector.

Table 1. The formulas for 40 financial ratios (features) used to evaluate the bankruptcy risk of
healthcare industries in the U.S. The symbol # represents the number of financial ratios (FR number).

# Ratio Name Formula # Ratio Name Formula
1 Earnines ratio Net income—Preferred dividends 21 Price-to-operating-  (Market capitalization)/(Cash
& Common outstanding shares cash-flow ratio flow from operation)
2 Price-to-earnings (Market price per 2 Book value per Shareholders’ equity—Preferred equity
ratio share)/(Earning per share) share Outstanding shares
o . A, . (Current assets)/(Current
3 Price-to-sale ratio (Market cap)/(Total sale) 23 Liquidity ratio liabilities)
4 Price-to-book ratio (Market price per 24 Debt ratio (Total debt)/(Total assets)
share)/(Book value per share)
. (Net income)/(Number of Price-to-cash-flow (Market price per
> Earnings per share outstanding shares) % ratio share)/(Cash flow per share)
. , (Cash and cash
6 Return on equity (Net mcomee)l/li(S};areholders 26 Cash ratio equivalents)/(Current
quity liabilities)
7 Return on assets (Net income)/(Total assets) 27 Return on capital (Operating profit)/(Capital
employed employed)
Return on (Net income)/(Cost of . .
8 investment investment) 28 Return on sales (Operating profit) /(Net sales)
9 Gross margin (Gross profit)/Revenue 29 .Cash return on (Free cash ﬂqw)/(lnvested
invested capital capital)
. . Cash return on (Free cash
10 Net margin (Net profit) /Revenue 30 equity flow)/(Shareholders’ equity)
11 Operating margin ~ (Operating income)/Revenue 31 CaShaZtelgn on (Free cash flow)/(Total assets)
12 Current ratio (Current'ass'e'ts".) /(Current 3 Free Cash flow (Free cash flow)/(Total
liabilities) margin revenue)
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Table 1. Cont.

# Ratio Name Formula # Ratio Name Formula
13 Quick ratio Current assets—inventory 33 Operating cash (Operating cash flow)/(Total
Current liabilities flow margin revenue)

14 Debt—to-.equlty Debt/(Shareholder’s equity) 34 Total asset' Revenue/(Average total

ratio turnover ratio assets)

Accounts .
15 receivable (Net credit sales)./(Average 35 Equity ratio (Total equity)/(Total assets)
. account receivable)
turnover ratio
. (Cash from - .
16 Operating ¢ ash operations)/(Current 36 Excess return (Actual return)—(Required
flow ratio e e return)
liabilities)

17 EV—to-EBITDA (Enterprise value)/EBITDA 37 Fixed asset. (Net sales)/ (Average fixed

ratio turnover ratio assets)
18 EV-to-sales ratio (Enterprise value)/Sales 38 Recelvab1e§ (Net sales)/(Average account

turnover ratio receivable)
19 EV-to-EBIT ratio (Enterprise value)/EBIT 39 Total-hablhtles—vto- (Total liabilities) / (Total assets)
total-assets ratio

20 Price-to-free-cash- ~ (Market capitalization)/(Free 40 EBIT margin EBIT/Revenue

flow ratio

cash flow)

4.2. Study Design and Machine Learning Analysis

This study employed a machine learning classification approach to analyze bankruptcy
risk. Forty financial ratios (detailed in Table 1) served as features within the machine
learning methodology, with the bankruptcy value for each of the 1265 industries as the
prediction target. To ensure rigorous computation of these targets (bankruptcies), we
utilized three widely recognized empirical bankruptcy prediction models: the Altman
Z-score model, the modified Altman model, and the Ohlson model-—commonly referred to
as the O-score. These models have been empirically validated in numerous studies for their
effectiveness in predicting bankruptcy risk, providing a robust and reliable framework for
the analysis [45-49]. The formulations for these three bankruptcy models are provided in

Equations (1)-(3) [50-53].

Altman Z-score = 1.2P1 + 1.4P2 + 3.3P3 + 0.6P4 + 1.0P5 (1)

P1: Working capital/Total assets;
P2: Retained earnings/Total assets;

P3: Earnings before interest and taxes (EBIT)/Total assets;
P4: Market value of equity/Total liabilities;

P5: Sales/Total assets.

Modified Altman = 6.56K1 + 3.26K2 + 6.72K3 + 1.05K4 (2)

K1: Working capital / Total assets;
K2: Retained earnings/Total assets;

K3: EBIT /Total assets;

K4: Book value of equity/Total liabilities.

Ohlson = —1.32 — 0.407 X1 + 6.03X2 — 1.43X3 + 0.0757X4 — 2.37X5 — 1.83X6 + 0.285X7 — 1.72X8 — 0.521X9  (3)

X1: Log (total assets/(gross national product—level price index));

X2: Total liabilities /total assets;
X3: Working capital/total assets;

X4: Current liabilities/ current assets;
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X5: Net income/total assets;

X6: Cash flow from operations/total liabilities;

X7: 1 if net negative income; 0 if otherwise;

X8: 1 if the total liabilities > total assets; 0 if otherwise;

X9: (Net income T—Net income T-1)/(Net income T + Net income T-1); “T” refers to a
specific time period.

The machine learning classification algorithms used to predict bankruptcy were logis-
tic regression, decision tree, naive Bayes, K-nearest neighbors (KNN), and support vector
machine (SVM), along with ensemble learning algorithms including adaptive boosting
(AdaBoost), gradient boosting, and random forest algorithms. A comprehensive explana-
tion of the machine learning algorithms employed in the current study, along with their
corresponding equations, is provided in Supplementary Material S2.

Market capitalization serves as a powerful indicator of a company’s size, reflecting not
only the equity value perceived by the market but also providing insight into the financial
robustness of the firms. Previous studies have shown that the market capitalization of
industries is of particular importance in the analysis of bankruptcy risks [54-56]. On the
other hand, in examining bankruptcy risk in the healthcare industries, industry subsector
classification plays a pivotal role, as each subsector contributes distinct elements to the
overall risk profile. Given the significance of both market capitalization and industry
subsectors in bankruptcy risk analysis, this study employs two approaches: Bankruptcy
risks are analyzed based on the industry subsector and the market capitalization of indus-
tries. This dual perspective enables a nuanced assessment of how industry dynamics and
company size characteristics interact to influence bankruptcy likelihood. To implement
these approaches, we applied two distinct multi-class machine learning classifications.
Firstly, the targets were classified into four different industry subsector classes. Secondly,
the targets were classified into five different market capitalization classes. It is important to
note that we had three targets (Altman Z-Score, modified Altman, and Ohlson bankruptcy
models), and as a result, we repeated the entire machine learning multi-class classifica-
tion procedure three times. Finally, the algorithm’s predictions were compared to the test
outcomes using confusion matrices to evaluate accuracy, precision, recall, and F1 scores.
The algorithm with the best performance metrics was selected as the final method for
bankruptcy prediction. It is worth mentioning that all targets were not completely balanced.
Hence, we employed stratified sampling in the train-test split to preserve the target variable
bankruptcy distribution in both training and testing sets. Additionally, StratifiedKFold
cross-validation was used, demonstrating the suitability of our chosen methodology for
maintaining the proportion of classes across folds. These primary techniques effectively
solved issues related to minor imbalances during the prediction process, making advanced
methods such as over-sampling or under-sampling unnecessary. The machine learning
code was implemented using Python software, version 3.11.

It should be noted that the four industry subsector classes, defined based on the
healthcare sectors of the U.S. industries, include (1) biotechnology; (2) medical, which
comprises medical devices, instruments and supplies, and medical distribution; (3) pharma-
cology, encompassing drug manufacturers—specialty and generic, as well as general—and
pharmaceutical retailers; and (4) healthcare, which covers diagnostics and research, health
information services, medical care facilities, and healthcare plans. The five market cap-
italization classes were defined as follows [57]: (1) large-cap, with a market value of
USD 10 billion or more; (2) mid-cap, with a market value between USD 2 billion and
USD 10 billion; (3) small-cap, with a market value between USD 300 million and USD
2 billion; (4) micro-cap, with a market value between USD 50 million and USD 300 million;
and (5) nano-cap, with a market value of less than USD 50 million.

This study recognizes that dividing industries into various subsectors and market
capitalizations has enabled a multi-class classification that includes some minority classes.
Recent research suggests that for non-medical data, such as financial datasets, resam-
pling methods can effectively address the prediction challenges associated with minority
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classes [58]. However, the research also advises that, in most cases, standard classifiers
are preferable for non-medical datasets similar to those analyzed in this study. Based on
these insights, this study employs standard classifiers and does not utilize resampling or
cost-sensitive methods.

4.3. Statistical Analysis

For the assessment of baseline characteristics within our dataset, we employed statis-
tical analysis methods and computed measures, including the mean and standard error
(SE), for 40 distinct financial ratios. The Shapiro-Wilk test was applied to determine the
normality of the distribution within our dataset. To ascertain the statistical significance
of individual features, we utilized the one-way analysis of variance (ANOVA). A p-value
threshold of 0.05 was set for determining statistical significance.

5. Results

Table 2 presents a summary of the financial ratios, including the mean, SE, and p-values,
which underscore the observed differences in the financial ratios. A three-dimensional
principal component analysis (PCA) was conducted on the dataset, comprising industries
and their corresponding financial ratios (Figure 1). The resulting graphical panels high-
light variations in the distribution of industries, categorized by industry subsectors and
market capitalization tiers. This method of dimensionality reduction effectively preserves
the inherent variance within the dataset, facilitating a more nuanced examination of the
complex attributes of the industries [59]. Within the derived three-dimensional space, indi-
vidual industries are represented as points, with their positions reflecting the synthesized
financial ratios. The results, as depicted in Figure 2, reveal a significant bankruptcy risk
for healthcare industries in the U.S. during 2022. The bankruptcy risk, calculated based
on the Altman Z-Score, modified Altman, and Ohlson models, is depicted at 88.5%, 62.1%,
and 43.2%, respectively, as shown in the non-green segments of Figure 2. The observed
disparities in bankruptcy risk evaluations are attributable to the distinct methodological
underpinnings of the Altman models and Ohlson model. The Altman models, originally
calibrated for manufacturing firms, predominantly rely on financial ratios reflective of this
sector’s characteristics. In contrast, the Ohlson model boasts a design intended for broad
applicability across diverse corporate environments, such as service-centric industries, and
integrates an extensive array of financial ratios.

Table 2. Statistical summary of financial ratios (features) including mean, SE, and p-value. FR,
financial ratio; SE, standard error.

Financial Ratios Mean SE p-Value Financial Ratios Mean SE p-Value
FR1 —7.35 1.93 0.0001 FR 21 —600.31 1417.46 0.6720
FR2 1.66 11.78 0.8876 FR 22 7.46 0.75 0.0000
FR3 1241.45 587.43 0.0347 FR 23 6.44 0.23 0.0000
FR 4 330,027.84 270,878.66 0.2233 FR 24 0.18 0.01 0.0000
FR 5 —7.35 1.93 0.0001 FR 25 —9.50 8.61 0.2701
FR 6 —1.01 1.22 0.4117 FR 26 2.64 0.09 0.0000
FR7 —0.55 0.03 0.0000 FR 27 —0.72 0.20 0.0002
FR 8 9.15 2.41 0.0001 FR 28 —32.28 3.94 0.0000
FR9 0.50 0.03 0.0000 FR 29 1.75 1.18 0.1396
FR 10 —32.43 4.01 0.0000 FR 30 1.63 1.62 0.3141
FR 11 —32.28 3.94 0.0000 FR 31 —0.40 0.02 0.0000
FR 12 6.44 0.23 0.0000 FR 32 —27.71 3.52 0.0000
FR 13 3.94 0.07 0.0000 FR 33 —27.28 3.39 0.0000
FR 14 —0.48 0.43 0.2664 FR 34 0.38 0.02 0.0000
FR 15 —46.13 18.83 0.0144 FR 35 0.51 0.01 0.0000
FR 16 —2.35 0.09 0.0000 FR 36 —0.43 0.01 0.0000
FR 17 8.40 6.88 0.0000 FR 37 1.59 0.13 0.0000
FR 18 1651.01 586.73 0.0049 FR 38 —46.13 18.83 0.0144
FR 19 492 3.10 0.1124 FR 39 0.49 0.01 0.0000
FR 20 —0.34 0.17 0.0495 FR 40 —32.30 3.94 0.0000
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Figure 1. Three-dimensional principal component analysis (PCA) of U.S. healthcare industries
features: This figure illustrates the PCA plots of 1265 U.S. healthcare industries, visualized in
three-dimensional space through the first three principal components. This analytical approach is
used to identify patterns regarding (a) bankruptcy across different medical industry subsectors and
(b) bankruptcy relative to market capitalization categories. Each data point represents a unique
stock, with its spatial positioning derived from an aggregation of features within the dimensions
defined by principal components 1, 2, and 3. In panels (a), industry subsector classes are labeled
as 0 for solvency and from 1 to 4 for bankruptcy in biotechnology, medical devices, pharmacology,
and healthcare services, respectively. In panels (b), market capitalization classes are defined as 0 for
solvency and from 1 to 5 for bankruptcy in large-cap, mid-cap, small-cap, micro-cap, and nano-cap

categories, respectively.

In our investigation, StratifiedKFold cross-validation was systematically applied to
each classifier, ensuring that the folds preserved a proportional distribution of classes. This
procedure, in conjunction with detailed hyperparameter optimization—as documented in
Supplementary Material S3—was critical in reducing the likelihood of data leakage. The
application of these meticulous stratification and tuning strategies led to enhancements
in models’ predictive accuracy, with increases ranging from 7.1% to 10.3%. In addition,
all models exhibited acceptable accuracy post tuning, with the sole exception of the naive
Bayes classifier (Supplementary Material S3). It should be noted that the naive Bayes
model, despite its probabilistic foundation and advantages in simplicity and computational
speed, did not achieve as high an accuracy as the other models in predicting bankruptcy
within the U.S. healthcare industries. The relatively lower performance of this model may
be explained by the model’s assumption of independence among predictors, a condition
presumably not met by the complex interactions inherent in our dataset. The consistency
of performance improvements post tuning across the remaining models substantiates the
robustness of our analytical framework and corroborates the nonexistence of overfitting
within our results. Our final tuned models exhibited acceptable accuracy rates for predicting

bankruptcy using financial ratios inspired by the Altman Z-score model, with performance
by classifier as follows: SVM (87.3%), KNN (82.3%), naive Bayes (68.0%), logistic regression
(86.3%), decision tree (86.4%), AdaBoost (87.3%), random forest (90.6%), and gradient
boosting (90.8%), as detailed in Supplementary Material S3 for industry subsectors. The
accuracies for the modified Altman bankruptcy model were 88.1%, 83.3%, 66.7%, 87.3%,
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87.4%, 84.1%, 90.3%, and 90.6%, respectively, while the Ohlson model showed comparable
performance with accuracies of 87.9%, 80.0%, 69.1%, 87.8%, 88.2%, 74.5%, 89.3%, and
90.0%. Classifications based on market capitalization also yielded acceptable accuracy rates,
broadly aligning with those based on industry subsectors (Supplementary Material S3).
The results depicted indicate that, in addition to accuracy, the precision, recall, and F1
scores for the models fall within a satisfactory range. Finally, the results of our analysis
demonstrated that both the random forest and gradient boosting algorithms exhibited
exceptional accuracy and robustness in predicting bankruptcy based on all three bankruptcy
models utilized. Upon closer examination of the results, the gradient boosting model was
found to have a marginally higher accuracy compared to the random forest algorithm.
Therefore, we chose to focus our analysis on this particular algorithm.

Altman bankruptcy model Modified Altman bankruptcy model Ohlson bankruptcy model
88.5 62.1 56.8
®
432
©
o o
I €
g« £
° 115
Solvency Bankruptcy Solvency Bankruptcy Solvency Bankruptcy

0 4

Bankruptcy based on different
Industry sectors

market capitalization

| I I

Figure 2. Percentage difference insolvency/bankruptcy prediction across various bankruptcy pre-

Bankruptcy based on different

diction models. Pie charts display the differences in bankruptcy and solvency percentages based on
various industry subsectors and market capitalization classifications using three bankruptcy models.
Industry subsector classes are labeled as 0 for solvency and from 1 to 4 for bankruptcy in biotech-
nology, medical devices, pharmacology, and healthcare services, respectively. Market capitalization
classes are defined as 0 for solvency and from 1 to 5 for bankruptcy in large-cap, mid-cap, small-cap,
micro-cap, and nano-cap categories, respectively.

Figure 3 presents a heatmap of the confusion matrix for our final tuned gradient
boosting model, offering a visual representation of the model’s performance across different
classes. The gradation of colors reflects the proportion of true positives, true negatives,
false positives, and false negatives, thereby providing an intuitive overview of classification
accuracy and misclassification patterns. The heatmap of the confusion matrix, as depicted
in Figure 3, further corroborates the high accuracy and robust performance of the gradient
boosting model in predicting bankruptcy based on financial ratios. The predominance
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of high values along the matrix’s main diagonal and lower values in off-diagonal cells
indicates a substantial rate of correct predictions relative to the misclassifications. This
visualization underscores the gradient boosting model’s effectiveness in distinguishing
between the various classes.
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Figure 3. Heatmaps of the confusion matrices showcasing the classification models performance in
differentiating between solvency and bankruptcy across industry subsectors and market capitalization
classes. Industry subsector classes are labeled as 0 for solvency and from 1 to 4 for bankruptcy
in biotechnology, medical devices, pharmacology, and healthcare services, respectively. Market
capitalization classes are defined as 0 for solvency and from 1 to 5 for bankruptcy in large-cap,
mid-cap, small-cap, micro-cap, and nano-cap categories, respectively.

Given the critical importance of minimizing false negatives in bankruptcy prediction,
where failing to identify an impending bankruptcy could have drastic financial repercus-
sions, the receiver operating characteristic (ROC) curve’s ability to illustrate the trade-off
between sensitivity (true-positive rate) and specificity (false-positive rate) across different
thresholds makes it a fitting choice. It facilitates the identification of an optimal balance,
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ensuring that the model minimally overlooks actual cases of bankruptcy, which is of
paramount concern in financial analytics. Therefore, we compared ROC curves in Figure 4
based on different bankruptcy models and classifications for the gradient boosting model.
The areas under the ROC curves for the Altman Z-score, modified Altman, and Ohlson
bankruptcy prediction models were notably high (greater than 90%) for classifications
based on industry subsectors and market capitalization. The high ROC curve areas show
the exceptional capability of our gradient boosting algorithm in differentiating bankrupt
from solvent healthcare industries. This suggests not only the accuracy of our predictions
but also confirms their consistency and robustness across diverse industry contexts and
varying scales of market capitalization. The superior performance of the gradient boosting
model and the suitable size of our dataset reinforce the notion that this efficient and trans-
parent model is advantageous, particularly in scenarios where complexity is unnecessary,
and high-dimensional deep learning approaches do not confer additional benefits.
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Figure 4. The ROC curves illustrating the true-positive rate against the false-positive rate at var-
ious threshold settings for the classification models applied to industry subsectors and market
capitalization classes. ROC, receiver operating characteristic.
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6. Discussion

Predicting the probability of bankruptcy remains among the most formidable chal-
lenges in contemporary economic and financial research [1,2]. Specifically, the evaluation
of bankruptcy risk in the industries and, more precisely, within the medical and healthcare
sectors holds immense significance due to its profound financial implications. Conse-
quently, the present study was designed to achieve a precise prediction of bankruptcy risk
for U.S. healthcare industries based on comprehensive financial ratios that encapsulate a
wide array of financial metrics. This allows for the early detection of financial fragilities,
the protection of economic interests, and the provision of timely insights for stakeholders.
Effective prediction aids in the enhancement of management strategies, the attainment
of well-informed advancement and risk control measures, and ensures the provision of
high-quality healthcare services to not only the American population but potentially the
global community as well. Our results indicated high bankruptcy risks as predicted by
Altman, modified Altman, and Ohlson bankruptcy models, which can be attributed to
the distinctive economic landscape of 2022. This can be related to significant industry
volatility driven by the COVID-19 pandemic, escalating inflationary pressures, and a series
of aggressive interest rate hikes in 2022. These factors led to increased borrowing costs
that impacted market liquidity and valuations, particularly within growth-oriented sectors
such as healthcare, which are traditionally more sensitive to interest rate changes.

6.1. The High Robustness and Predictive Power of Gradient Boosting Machine Learning Algorithm

Logical and meaningful improvements in cross-validation accuracies following hyper-
parameter tuning (by 7.1-10.3%), combined with the remarkably high levels of post-tuning
accuracy (exceeding 90%) for the gradient boosting model, as well as elevated precision,
recall, and F1 scores—as evidenced by the confusion matrices—and areas under the ROC
curve surpassing 0.9 jointly affirm the robustness and exceptional predictive capability of
this model. Therefore, the gradient boosting model can efficiently predict the bankruptcy
risk of healthcare industries based on financial ratios with high accuracy and robustness.
The study by Carmona et al. on predicting financial distress in French firms corroborated
and further supported our findings regarding the effectiveness of gradient boosting al-
gorithms in financial distress prediction [36,37]. The results also revealed that even the
accuracies of our other machine learning algorithms were higher than those reported in
some corresponding studies related to the prediction of bankruptcy risk based on other
financial parameters, even with a larger database [60]. This underscores the power and
sensitivity of financial ratios in predicting bankruptcy within the healthcare industries, pro-
viding creditors, investors, and other stakeholders with the opportunity to take proactive
measures to mitigate financial challenges.

6.2. Important Financial Ratios Sensitive to Bankruptcy Prediction

The feature importance analysis presented in Figure 5 indicated that, according to
both Altman models, the most important and sensitive ratio for predicting bankruptcy risk
across various industry subsectors and market capitalizations is the return on investment
(ROI). ROl is a measure comparing net income to investment. A high ROl indicates that
the investment’s gains are favorable compared to its cost. Conversely, the Ohlson model
identified the return on assets (ROA) as the important ratio in predicting bankruptcy risk
specific to industry subsectors, with a feature importance of 7.8%. ROA is a financial
metric showing a company’s profitability relative to its total assets. It helps determine
if a company efficiently uses its assets to generate profit. For the predictions based on
market capitalization, the Ohlson model highlighted not only the ROA ratio with an
importance of 6.3% but also the enterprise value to earnings before interest and taxes
(EV/EBIT) ratio, which has an importance of 6.6%. The comprehensive details regarding
the relative importance of all parameters under investigation are illustrated in Figure 5.
Notwithstanding the absence of prior scholarly work specific to bankruptcy risk prediction
within the healthcare industries, the extant literature on bankruptcy assessment in disparate
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Altman Z-Score bankruptcy model
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industries also reinforces the significance of several ratios analogous to those we identified

as pivotal [12-15,61].
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Figure 5. Feature importance analysis highlighting the relative importance of each financial ratio in

determining bankruptcy risk based on different industry subsectors and market capitalizations.



J. Theor. Appl. Electron. Commer. Res. 2024, 19 1316

The importance and sensitivity of the ROI as illuminated by the Altman models
suggest that investors and analysts in medical and healthcare sectors place considerable
emphasis on the immediate efficiency of capital usage. This ratio’s predictive potency could
potentially stem from its ability to encapsulate the sector’s unique capital structures and
reinvestment patterns critical to sustaining operations in the complex healthcare market.
On the other hand, the Ohlson model’s emphasis on ROA accentuates the critical role of
effective asset utilization in the financial viability of healthcare firms, hinting at a market
environment where operational efficiency is a harbinger of fiscal health. Additionally, the
Ohlson model’s accentuation of the EV/EBIT ratio underscores the market’s valuation of
profitability relative to a company’s total valuation. The nuanced divergence observed
between the models regarding the most influential ratios offers compelling insights into
the multifaceted nature of bankruptcy risk assessment in this sector, underscoring the need
for a multidimensional analytic approach in financial prognostication efforts within the
healthcare industries. Consequently, for an augmented and holistic forecast of bankruptcy
risk, it is incumbent upon both researchers and practitioners to amalgamate the varied
lenses provided by the Altman and Ohlson models.

It should be noted that our investigation, as described, revealed widespread financial
distress among U.S. healthcare industries in 2022. This trend might partly be attributed
to these key financial ratios identified by these models, which likely reflect the broader
fiscal challenges faced by these entities. These bankruptcy models were originally con-
ceptualized to be effective over a two-year period; hence, the important and sensitive
parameters suggested by these models theoretically remain relevant and effective until
2024. Financial analysts should continue to monitor these ratios closely to maintain the
solvency of the medical and healthcare sectors. Therefore, recognizing these ratios not
only offers a retrospective analysis of past financial difficulties but also provides strategic
foresight. By vigilantly tracking these financial indicators, stakeholders can better prepare
to address fiscal vulnerabilities proactively, thereby reducing the risk of similar financial
challenges in the future. In addition to managing the aforementioned financial ratios
based on our findings, recent advancements in medical technology also help address some
challenges in the financial aspects of healthcare industries [62-71]. Therefore, technological
advancements can be beneficial beyond just controlling our recognized financial ratios.

6.3. Limitations and Future Directions

It should be noted that, although 40 financial ratios covering key financial domains
were utilized to predict bankruptcy, future research could enhance our findings by incorpo-
rating additional predictive parameters. Alzayed et al. recently highlighted the importance
of corporate governance alongside financial ratios in the context of bank failure predic-
tions [72]. Hence, incorporating factors like corporate governance, competitive dynamics,
and regulatory considerations may also prove significant in enhancing the prediction of
bankruptcy for the healthcare industries, an area ripe for future academic exploration.
Future studies could benefit from repeating our analysis using data from a more typical
financial year as a control group. This comparison would allow researchers to discern
whether the financial metrics identified as crucial during the crisis conditions of 2022 hold
similar significance in more stable times. Such a study would also help in evaluating the
robustness of these metrics across varying economic conditions, providing a deeper under-
standing of their utility in continuous risk management and strategic financial planning
in the healthcare sector. Advancements in natural language processing in future studies
could provide mechanisms to evaluate market sentiment and management discourse, while
machine learning models like the gradient boosting algorithm demonstrated in this study
could be further refined by integrating sector-specific data for a more tailored risk assess-
ment. Exploring the impact of emergent global health issues and economic disruptions
beyond COVID-19 may also be essential in shaping more resilient financial prediction
frameworks for the sector.
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7. Conclusions

This study predicted the risk of bankruptcy in the U.S. healthcare industries based on
financial ratios across different industry sub-sectors and varying market capitalizations,
using machine learning analysis. The results suggest that financial ratios serve as robust
predictors of bankruptcy, and the gradient boosting algorithm can significantly enhance the
predictive power of conventional models. This study has elucidated important financial
ratios that served as potential harbingers of financial distress and heightened bankruptcy
risk within U.S. healthcare industries during 2022. The identification of these ratios is
instrumental not only for signaling potential red flags but also for equipping stakeholders
with the insights necessary to devise strategies aimed at risk mitigation and ensuring
the sustainability of the healthcare industries. The comprehensive perspective offered
through this research enriches the academic discourse on bankruptcy prediction and offers
strategic foresight for stakeholders within healthcare industries. Ultimately, the findings
lay a robust foundation for future research and offer a framework for informed decision
making that serves investors, policymakers, shareholders, and healthcare professionals,
thereby contributing significantly to the financial stability and resilience of the medical and
healthcare sectors.
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