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Abstract—Early detection of corporate bankruptcy is essential
for maintaining financial market stability and reducing systemic
risk. However, existing predictive models often struggle under
conditions of extreme class imbalance. Traditional approaches
either analyze financial ratios or textual disclosures in isolation,
while conventional cross-modal fusion strategies tend to dilute
rare distress signals when integrating structured accounting
metrics with qualitative management narratives. Consequently,
subtle indicators of impending corporate failure are frequently
overshadowed by dominant non-distress patterns, limiting the
effectiveness of existing predictive systems. To bridge this method-
ological limitation, this study proposes D-HAN-Net, a hybrid
dual-stream deep learning architecture. This framework is in-
tended to address minority class suppression by dynamically
balancing structured financial ratios with unstructured textual
disclosures. Specifically, the model processes numerical indicators
through a gated residual network to capture complex patterns.
Simultaneously, it extracts semantic cues from corporate reports
via a FinBERT-driven bidirectional GRU. These dual modalities
are then aligned using a learnable cross-modal attention fusion
gate, jointly optimized with focal loss. Experimental evaluations
on a comprehensive multimodal dataset, utilizing stratified splits
demonstrate that D-HAN-Net significantly outperforms state-of-
the-art baselines, achieving a predictive accuracy of 94.00%, an
F1-score of 88.00%, and an AUC of 0.9734. Practically, this
framework equips investors, financial institutions, and regulatory
authorities with a decisive early warning system. It enables proac-
tive risk management by detecting subtle distress signals before
corporate failure becomes irreversible. Furthermore, extensive
stability testing and ablation analysis confirm that the model’s
superior predictive reliability is highly robust against sampling
uncertainty, fundamentally relying on the synergistic integration
of all its architectural modules.

Keywords—Bankruptcy prediction; multimodal deep learning;
corporate disclosures; cross-modal fusion; class imbalance; early
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I. INTRODUCTION

Corporate bankruptcy prediction has become a central
research problem in financial analytics, as the early iden-
tification of financially distressed firms is very critical for
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investors, creditors, regulators and other market participants.
Accurate prediction models can minimize the potential losses,
facilitate the timely interventions, and enhance the distribution
of financial resources across the capital markets. The number
of corporate bankruptcies is also generally believed to be a
signal of overall economic health and financial stability, with
recent studies like Ji et al. [1] emphasizing that such models
serve as critical early warning systems for stakeholders. For
this reason, bankruptcy prediction is still an important part
of financial risk assessment and corporate decision support.
Traditionally, the goal of bankruptcy prediction models has
been to assess the financial situation of a firm and forecast the
probability of failure before distress is irreversible, a concept
further advanced by Lin et al. [2] through modern explainable
machine learning integrations. Most previous research tackled
this task by means of the financial statement analysis by using
financial statements accounting based indicators created from
balance sheets, income statements and cash flow statements.
These structured numerical variables have long been used
as the basis for both statistical and machine learning based
bankruptcy prediction models. Prior work indicates that ma-
chine learning can surpass traditional statistical methods by
capturing complex nonlinear relationships between financial
indicators. Recent explainable and hybrid approaches proposed
by Fasano et al. [32] and Ainan et al. [34] further demonstrate
the growing effectiveness of intelligent predictive systems in
bankruptcy analysis. For instance, Liu et al. [3] report that
machine learning models optimized with advanced algorithms
are able to perform prediction much better, and Jiang et al. [4]
highlight the growing importance of such intelligent computa-
tional approaches to financial distress studies. However, despite
this progress, bankruptcy prediction remains challenging due
to the rarity, heterogeneity, and complexity of real-world
corporate failure patterns. Corporate bankruptcy prediction
can be viewed as an imbalanced multimodal financial risk
classification problem in which structured accounting variables
and unstructured narrative disclosures must be jointly modeled.

A key issue in this literature is the extreme class imbalance
that is present in most bankruptcy data. In practice, bankrupt
companies are a small fraction of all companies, which often
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leads prediction models to be biased towards the majority
class of healthy companies and perform poorly on the minority
class of distressed companies. Lombardo et al. [5] point out
the practical difficulty of bankruptcy prediction under highly
imbalanced settings, whereas Ranjbaran et al. [6] demonstrate
that augmentation based strategies might lead to better minor-
ity detection, but at the same time can lead to instability and
increased false positive rates. Beyond the imbalance problem,
another important limitation is the high level of dependence of
many prediction systems on structured financial ratios alone.
Although such variables capture quantitative aspects of prof-
itability, liquidity, leverage and solvency, the development of
financial distress rarely occurs through numerical deterioration
only. In real corporate situations, the warning signs of distress
may often appear in managerially talk, auditor’s concerns and
forward looking uncertainty before it may be fully reflected
in the accounting results. Corporate narrative disclosures,
particularly the Management Discussion and Analysis section
and auditor reports, therefore, lend a further dimension of
risk relevant information. Mai et al.[7] demonstrate the use of
textual disclosures from corporate filings to further improve
bankruptcy prediction since they capture the semantic patterns
that are unavailable in structured data. Related accounting
research also lends credence to the informational value of
narrative reporting. Mayew et al. [8] find that Management
Discussion and Analysis disclosures to deliver incremental
evidence about the firm’s ability to continue as a going
concern. Li et al. [9] show that readability in financial reporting
is associated with earnings persistence and transparency while
Loughran and McDonald [10] demonstrate that linguistic tone
in corporate filings carries risk related information beyond
conventional accounting measures. From a theoretical perspec-
tive these results imply that numerical indicators and textual
disclosures are complementary as opposed to competing infor-
mation channels.Financial ratios summarize realized economic
outcomes, while narrative disclosures communicate managerial
interpretation, uncertainty and emerging risks that may not
yet be fully reflected in accounting variables. This view is
consistent with both information asymmetry as well as sig-
naling theories of financial reporting, where managers convey
firm conditions in the form of both formal accounting results
and qualitative disclosures. Yet most bankruptcy prediction
studies still consider these two modalities separately. Although
recent multimodal frameworks such as Mancisidor and Aas
[37] indicate that combining textual and numerical information
can substantially improve predictive capability. As a result,
existing approaches often fail to effectively capture cross-
modal interactions between quantitative financial deterioration
and qualitative narrative distress signals.

This limitation leads to an obvious research gap and
directly leads in to the present study. Despite the recent
progress in deep learning, specifically transformer-based lan-
guage models like BERT by Devlin et al. [11], the representa-
tion of long textual documents has been significantly improved.
However, bankruptcy prediction research is still missing a
unified framework that can effectively integrate structured
financial indicators with corporate narrative disclosures under
highly imbalanced conditions. Recent evidence from Chen
et al. [12] suggests that textual information extracted from
the annual reports can improve the predictive performance
when integrated into learning-based systems. suggests that

textual information extracted from annual reports can improve
predictive performance when integrated into learning based
systems. Similar findings have also been reported in recent
multimodal and hybrid bankruptcy prediction studies such as
Arno et al. [36], but the broader challenge of theoretically
and computationally combining text and numerical signals is
still to be solved. Nevertheless, modeling lengthy financial
disclosures remains challenging because important distress-
related evidence may be distributed across multiple document
segments rather than localized within short textual spans. This
encourages the following research question: How can struc-
tured financial indicators and narrative corporate disclosures
be successfully combined in a unified predictive model in
order to better detect corporate financial distress under highly
imbalanced bankruptcy datasets?

To answer this question, this study proposes D-HAN-Net,
a hybrid dual-stream deep learning architecture that considers
the analysis of structured numerical indicators and corporate
textual disclosures jointly. The framework uses a gated residual
network to process financial variables to model nonlinear
dependencies among ratios. It also employs a transformer-
based language encoder followed by a hierarchical recurrent
aggregation layer to model the text disclosures and retain
the contextual semantic structure across long documents. This
design also improves computational efficiency and training
stability under limited bankruptcy data conditions. A cross-
modal fusion mechanism then combines the two modalities
and dynamically balances the relative contributions of the
two modalities during the prediction process. The main con-
tributions of this study are summarized as follows: First, it
constructs a multimodal deep learning architecture for joint
modeling of financial ratios and corporate narrative disclo-
sures for bankruptcy prediction. Second, it presents a cross-
modal fusion strategy that leverages the complementary nature
between numerical and textual signals in an integrated archi-
tecture. Third, it illustrates the efficacy and robustness of the
proposed framework with extensive empirical analysis of the
framework, including baseline comparison, ablation analysis,
and cross seed stability analysis.

II. LITERATURE REVIEW

Bankruptcy prediction has long been studied in financial
economics, accounting, and data science. Over the years, the
methods of research have evolved from old statistical models to
new machine learning and deep learning techniques. Financial
distress theory and information asymmetry literature imply that
corporate distress signals arise from various sources, which
includes financial statements and corporate disclosures. Conse-
quently, both financial indicators and narrative information can
offer valuable signals for identifying financial difficulty faced
by firms in the form of both quantitative financial indicators
and qualitative narrative information. This section provides an
overview of the theoretical background of bankruptcy predic-
tion, and an overview of previous research works concerning
machine learning models, text financial analysis and imbalance
aware learning models.

Corporate bankruptcy generally has been explained in
terms of theories of financial distress between firm failure
and deterioration in financial structure, liquidity, increasing
leverage, and falling profitability. Bankruptcy risk, therefore,
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becomes visible through signals such as the worsening of
liquidity, unstable cash flows, declining profitability and grow-
ing pressure to ensure solvency. For this reason, financial
indicators based on financial statements have been the main
inputs for bankruptcy prediction models for a long time
[13]. However, financial distress is not only reflected in the
accounting numbers. Disclosure theory implies that managers
are communicating risk via narrative disclosures in annual
reports and regulatory filings. When firms find themselves
under financial stress, discussions among managers usually
involve problems with operations, problems with financing, or
restructuring activities. Such signals often occur in advance of
the time when deterioration is fully reflected in the accounting
ratios. Financial language models like FinBERT can capture
these contextual cues because they are trained on financial
corpora and are able to spot domain specific expressions
related to uncertainty and financial instability. Taken together,
these views mean that financial distress is multidimensional.
Numerical indicators provide information on measured deterio-
ration in firm performance, while narrative disclosures provide
managerial perceptions and advance warning signals about
financial stress. Integrating financial indicators and FinBERT
derived semantic representations, therefore, offers a theoret-
ically grounded basis for enhancing bankruptcy prediction
models [14], [15].

Machine learning techniques have been popularly used to
predict bankruptcy because of their capability of capturing
complex nonlinear relationships between financial variables
and bankruptcy outcomes. Studies have been done on the
neural network and the sequential learning models to detect the
financial distress pattern. Kim et al. showed that the modeling
of temporal dependencies between financial indicators is useful
for enhancing prediction performance [16]. Hosaka proposed
transforming financial ratios into image representations and
using convolutional neural networks to identify patterns in
structure of financial data [17]. Pellegrino et al. further de-
veloped an architecture of multiple heads Long Short Term
Memory to learn temporal dynamics from accounting time
series data [18]. Ensemble learning methods have also attracted
a lot of attention. Recent interpretable ensemble frameworks
combining models like LightGBM and CatBoost with SHAP
analysis demonstrate significantly more robust and transparent
predictions across diverse market conditions [19]. Liang et
al. showed that the integration of corporate governance index
and financial index can improve the predictive effect and will
show the importance of diverse corporate characteristics in the
predictive model [20].

Recent researches have been devoted to advanced models
that can be applied to high-dimensional financial dataset.
Gradient boosting methods like LightGBM have been found
to have good predictive power in financial risk modeling
[21]. Ensemble approaches have also been shown to have
great potential. Entropy based feature transformation strate-
gies which enhances predictive performance in financial risk
modeling was introduced by Carta et al. [22], [23]. Stacking
based ensemble methods further suggests that a combination
of classifiers will yield more stable and reliable results than
relying on a single model [24]. Feature selection methods
have also been proven to be efficient to identify the most
informative indicators to predict bankruptcy [25]. Research
and surveys have shown that machine learning and deep

learning methods typically outperform conventional statistical
models in bankruptcy prediction tasks [26], [27]. Financial
distress is communicated not only through numerical ratios
but also through managerial narratives in corporate disclosures.
Managers often adjust the tone and wording of reports when
firms face liquidity pressure, operational challenges, or sol-
vency concerns. As a result, textual disclosures may reveal
early signals of distress before these conditions become fully
visible in financial statements. Transformer based language
models such as BERT can capture contextual semantic rela-
tionships in textual data [11]. In financial applications, domain-
adapted models such as FinBERT, are particularly effective at
identifying linguistic patterns related to uncertainty, litigation
risk, and financial instability. Chen et al. demonstrated that
incorporating textual features from annual reports significantly
improves bankruptcy prediction performance [12]. Lombardo
et al. further showed that deep language models can effectively
analyze complex corporate disclosure documents [28].

One of the biggest challenges in predicting bankruptcy lies
in the extreme class imbalance with financial datasets, with
bankrupt firms only making up a small percentage of obser-
vations. This imbalance will often lead to predictive models
giving preference to the majority class, and making it difficult
for them to accurately determine correct cases of bankruptcy.
To overcome this problem, imbalance aware learning strategies
have been proposed. Recently, Papı́k demonstrated the signif-
icant impact of advanced data resampling approaches, such
as SMOTE and random oversampling, on improving minority
class detection for imbalanced financial datasets [29]. Kubat
and Matwin have introduced one sided selection techniques
that reduce the imbalance by eliminating redundant majority
class samples from the training data [30]. These approaches
have become important parts of modern financial risk predict-
ing systems. Despite some significant progress, there are still
some limitations in the literature. Many of the researchers
mainly focus on financial indicators and pay little attention
to qualitative signals in corporate disclosures. Studies that
look at the analysis of textual information tend to look at
the narrative signals independent of financial variables leaving
the interaction between these two parameters insufficiently
explored. Furthermore, many models work such that they fit
within a single modality framework and cannot, therefore,
capture complementary distress signals from heterogeneous
data sources.

To overcome these limitations, this research study proposes
D-HAN-Net, a dual stream hybrid deep learning architecture
that jointly analyzes structured financial data and semantic
information from the corporate disclosures. The model uses
separate encoders for numerical and textual modalities and
uses an adaptive cross-modal fusion mechanism to dynamically
balance contributions of the two modalities during the predic-
tion. By incorporating heterogeneous financial signals into an
integrated framework, the proposed approach is expected to
enhance the bankruptcy prediction performance and result in
a more robust bankruptcy early warning system under class
imbalanced conditions.

III. METHODOLOGY

This section presents the architecture design of the pro-
posed D-HAN-Net which is schematically shown in Fig. 1.
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Fig. 1. End-to-end architecture of the proposed dual modality learning framework for bankruptcy prediction.

The framework consists of a combination of multimodal cohort
construction, disclosure-driven risk feature engineering and
a hybrid neural architecture with gated numerical encoding,
hierarchical document encoding and cross-modal fusion to
predict next year bankruptcy.

A. Dataset Description

This study is based on the publicly available Figshare
dataset of multimodal bankruptcies [31]. In each instance there
are MD&A text, audit opinion text, structured numerical at-
tributes and the next year bankruptcy label binary (indexed by
UID). The circumstances are not in our favor since bankrupts
are few and financial filings are long. Therefore, the decision
relevant signals are preserved by imbalance aware sampling
and hierarchical text processing. Potential selection bias could
also arise due to the fact that financially distressed firms
have larger management reports and larger auditor opinions.
Distressed companies often offer specific explanations about
the reasons for liquidity situations, operational uncertainty,
debt commitments, or restructuring efforts. Consequently the
intensity of narrative may be partly correlated with the risk of
bankruptcy. To reduce this concern, the proposed framework
is built on the basis of contextual semantic representations that
are derived from segmented disclosures rather than using raw
document length as a direct predictor. Long disclosures are
segmented into multiple chunks to reduce excessive trunca-
tion while preserving contextual semantic information across
lengthy financial reports.

B. Data Preprocessing

The pipeline begins by reading both of the raw sources
in chunks of size 5000 avoiding memory overflow and then
aligning them by UID with an inner merge so that every
retained record contains both modalities. In order to minimize
the imbalance while preserving all the positive samples, all
bankrupt UIDs are kept. To address the serious class imbalance
typical of bankruptcy data, all bankrupt companies are kept
but a sample of healthy companies is randomly selected in
a ratio of around 5:1. This sampling strategy mitigates the
extreme imbalance without having too few observations from
the majority class for stable model training. The last cohort is
divided by stratified sampling into train 70%, validation 15%
and test 15%, which makes the class ratios stable between
partitions and prevents the statistical instability that time-based
splits would cause due to the extreme rarity of bankruptcies.
The resulting distribution of healthy and bankrupt firms in the
training, validation and test sets can be seen in Fig. 2.

Document segmentation is carried out for long financial
disclosures. After removing noise in the form of the HTML
document, and common boilerplate text, each document gets
tokenized and broken into fixed sized chunks. Let T be
the number of tokens in a document and L be the chunk’s
max token length. The number of chunks N is calculated
by dividing the document into segments of length L, as in
Eq. (1). In our experiments the number of tokens in a chunk
is 512, following the choice of the maximum sequence length
of the transformer encoder. Each document is further reduced
in size to a maximum of 20 chunks, to manage the memory
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Fig. 2. Class distribution of healthy and bankrupt firms in the training,
validation, and test sets.

usage while maintaining enough contextual information. While
this memory-constrained limit truncates 67.01% of the longest
documents and yields an overall truncation loss of 33.62%, it
securely retains the most critical semantic cues and distress
indicators, which typically appear in the earlier sections of
management and auditor reports.

C = min

(
Cmax, ⌈

T

L
⌉
)

(1)

This chunked representation prevents hard truncation and
supports hierarchical encoding.

C. Feature Engineering and Selection

A multivariate feature set is created to represent the
accounting signals as well as the narrative risk cues. All
columns other than UID and label, item 7, opinion text and the
combination of raw text field are treated as candidate numerical
predictors. Object type variables are label encoded, Infinite
values are replaced by missing, Variables with missing rate
higher than 0.60 are removed. Remaining missing entries are
imputed using an iterative multivariate imputation maintaining
cross feature dependencies.

To explicitly capture distress language, a unified disclosure
field is formed by concatenating item 7 with audit opinion text.
For a lexicon V and the token set Wi of document i, the density
feature is defined in Eq. (2):

DensityV,i =

∑
w∈Wi

I(w ∈ V )

|Wi|
(2)

Using negative, litigious, and uncertainty lexicons, we
construct three density indicators, and a binary going concern
flag is added when the phrase is present. These linguistic red
flags strengthen interpretability and support later robustness
reasoning.

Mutual information is then employed to generate the top
5 numerical predictors and subsequently only the interaction-
only second-degree polynomials terms are produced. This
expansion of the number of base predictors to 5 is the limit
that is set so as to guarantee efficiency in the computation and

to avoid overfitting. Any further extension would further raise
the feature space exponentially, which is necessarily going to
incur the curse of dimensionality and terrible multicollinearity,
due to the extreme imbalance between classes in the case of
bankruptcy data. The model only uses the top 5 predictors
which is a sufficient approach to capturing the most statistically
significant non-linear relationships with no unnecessary noise
being modeled. For two selected predictors xa and xb the
interaction is defined in Eq. (3):

xab = xaxb (3)

All the numerical predictors are clipped at 1st and 99th
percentile and transformed into a normal like distribution
through quantile transformation. A final top K predictor is then
selected by mutual information which is used by the model.
The sensitivity analysis is done to find the best feature selection
and test the strength of the model by changing the value of K
(e.g., K = 10, 20, 30, and 40). The last model uses K=20 due
to the maximum overall validation performance. The impact
of this option is also addressed in the experimental results.

D. Model Architecture of the Hybrid D-HAN-Net

The proposed architecture is designed to learn stable nu-
merical structure, preserve long range disclosure evidence, and
align both modalities through attention guided fusion. The
pipeline contains four stages.

1) Hierarchical numerical encoder: The GRN framework
supports nonlinear transformation and performs the original
feature representation by residual connections. Financial ra-
tios tend to be heterogeneously distributed and non linearly
interacting. Thus, their predictive structure cannot be well
represented by a simple linear transformation. In order to
stabilize the learning process, the encoder uses two nonlinear
transformation layers and then dropout regularization and
projection residual. A gated residual network is used to project
the selected predictors to an embedding of 128 dimensions.
Let r be the projected residual and f(x) be a nonlinear
transform, then the numerical representation is defined in
Eq. (4). The hidden representation dimension is set to 128
in our experiments.

hnum = BN(r + g ⊙ f(x)) (4)

where, g = σ(Wgf(x)) and ⊙ denotes element-wise
multiplication. This gating mechanism enables the network to
adaptively suppress noisy financial indicators while amplifying
features that strongly correlate with bankruptcy risk. Batch
normalization further stabilizes training by normalizing the
representation distribution.

2) Hierarchical text encoder: The FinBERT application is
informed by the fact that corporate disclosure is a domain-
structured linguistic. Accounting terminology, expressions of
financial risk, and statements of uncertainty are common man-
agement discussion narrative language that is not well reflected
in general language corpora. FinBERT is trained on financial
text, and thus it picks up contextual semantics to do with
financial distress, compared to general-purpose BERT models.
The GRU layer is bidirectional and additional to this, the layer
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performs segment level embedding on the entire document and
this identifies long-range dependencies among disclosure seg-
ments. The contextual embedding of each segment is obtained
from the pooled output of FinBERT, which is chosen over
standard BERT models to accurately interpret the specialized
financial terms and unique phrasing found in management
narratives. These segment embeddings are then organized as a
sequence and passed through a bidirectional GRU layer. The
bidirectional recurrent layer aggregates contextual information
from both earlier and later segments, enabling the model to
capture narrative dependencies across the processed sequence.

A bidirectional GRU aggregates chunk embedding into
a single 128-dimensional representation htext. The FinBERT
parameters are frozen during training to reduce computational
cost and prevent overfitting on the relatively small bankruptcy
dataset. The resulting sequence representation is aggregated
by the GRU layer to form a document-level embedding.
Compared with fully transformer-based long-document archi-
tectures, the bidirectional GRU offers lower computational
complexity and memory overhead. It also provides stable se-
quence aggregation for small and highly imbalanced financial
datasets.

3) Cross-modal fusion with gating: Once numerical and
textual representations are obtained, the next stage aligns
both modalities through a cross-modal attention mechanism.
Bankruptcy signals often emerge when textual statements con-
firm or contradict financial ratios. The fusion module therefore
enables interaction between these two sources. The cross-
attention module uses the summarized textual representation
htext as a Query to attend to the numerical representation
hnum, acting as Key and Value, producing an attention-refined
text vector hattn. A learnable fusion gate then adaptively
blends both streams, as defined in Eq. (5):

hfuse = z ⊙ hnum + (1− z)⊙ hattn (5)

where, z = σ([hnum;hattn]), the gate value z lies in the
range 0 to 1, where values closer to 0 indicate stronger reliance
on textual signals, whereas values closer to 1 indicate greater
reliance on numerical indicators. Here, σ denotes the sigmoid
activation function, [; ] denotes concatenation, and ⊙ indicates
element wise multiplication. This mechanism allows the model
to adaptively decide whether bankruptcy evidence should rely
more strongly on financial ratios or on textual disclosure
signals for each firm. To test the effectiveness of the proposed
cross-modal fusion gate, an easier to implement late fusion
baseline is also considered. In this alternative environment the
numerical and textual representations are simply concatenated
and fed to the classifier without interaction between the two
representations based on attention. This comparison is helpful
for determining if the proposed fusion mechanism offers a
meaningful advantage over a simpler multimodal integration
strategy.

4) Probabilistic prediction and decision logic: The fused
representation is finally passed through a shallow classifier
consisting of a fully connected layer with GELU activation
followed by dropout regularization. This stage converts the
fused feature vector into a scalar bankruptcy probability. The
final prediction is obtained using a sigmoid activation, defined
in Eq. (6):

p =
1

1 + e−(w⊤hfuse+b)
(6)

where, p represents the predicted probability that the firm
will experience bankruptcy in the next fiscal period. The sig-
moid function ensures that the output remains within the range
of zero to one. During evaluation, the predicted probability is
compared with an optimal decision threshold determined from
the validation precision recall curve. This adaptive threshold
selection helps balance precision and recall under severe class
imbalance.

E. Training Strategy and Optimization

The training procedure is designed to remain stable under
extreme class imbalance and long document variability, while
ensuring that improvements in AUC and F1 are not driven
by a single favorable split. The overall objective is to learn a
calibrated bankruptcy probability that is robust across random
initializations and sampling noise.

1) Imbalance-aware training and loss optimization:
Bankruptcy samples are rare, hence standard mini batch sam-
pling would lead to overfitting of the majoritarians of the
healthy sample class by the optimizer. To address this, a
technique of weighted random sampling is applied, at the
instance level. Each training example is assigned a weight
inversely proportional to its class frequency and batches are
drawn with a WeightedRandomSampler. This makes the effect
of bankrupt instances more effective without duplicating them
deterministically, so the gradient bias for the negative class
decreases. Model parameters are optimized using AdamW,
which combines adaptive learning rates with decoupled weight
decay.

A learning rate of 1.5×10−5 is selected to maintain stable
updates when training with frozen language representations
and a relatively small classifier head. Dropout is applied in
the numerical encoder, fusion feedforward layers, and classifier
head to reduce co adaptation between modalities and to prevent
the fusion gate from collapsing to a single modality. Even with
balanced sampling, many bankrupt signals remain subtle, so
the training objective must prioritize difficult cases. The model
is trained using focal loss, which down weights easy samples
and focuses learning on hard or misclassified examples. With
y ∈ {0, 1} and predicted probability p, define pt = p if y = 1
else 1− p. The loss is defined in Eq. (7):

Lfocal = −α(1− pt)
γ log(pt) (7)

The focusing parameter is set to γ = 2 in our experiments.
The balancing factor α = 0.25 is used to assign higher
importance to the minority bankrupt class.

2) Validation protocol and stability analysis: Training runs
are for up to 40 epochs, but performance is not assumed to
improve monotonically. The validation AUC is calculated after
every epoch with the help of predicted probabilities. The model
checkpoint with the highest validation AUC value is saved and
early stopping is triggered when there is no improvement in
validation AUC for 10 consecutive epochs. This helps avoid
over training the classifier head and the fusion layers which
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is particularly common when the text encoder is frozen and
the capacity is focused on fusion block. Since the dataset is
imbalanced, applying a default classification threshold of 0.5
often yields a high AUC but a poor F1-score for the positive
class.

Therefore, after being trained, the decision threshold is
selected by maximizing the F1 score over the precision recall
curve, which results in an equilibrium operating point between
false alarms and missed bankruptcies. This threshold is then
applied to the held out test set for final reporting. In order to
guarantee the robustness, all experiments are repeated under
multiple random seeds, which alters the selections of healthy
samples and initializations of fusion and classifier parameters.
Final results are presented in terms of the mean and standard
deviation, which indicate the stability of the model with regard
to sampling uncertainty and randomness of optimization.

F. Evaluation Protocol and Robustness Reporting

The assessment plan will be used to facilitate fair compar-
ison of the offered model and the baseline methods. Stratified
sampling is used to partition the dataset into training, validation
and test sets such that the classes are always distributed
equally across the partitions. The selection of models is done
on the basis of validation performance in which the primary
monitoring measure is the Area Under the ROC Curve. Due
to the high imbalance in bankruptcy prediction, it does not
mean that the eventual classification point is 0.5. Rather, the
maximum value of the F1 score on the validation set is chosen
and used on the held out test set. This technique offers a
better balance between trade off in precision and recall. In
order to measure robustness, each experiment is run with a
number of random seeds and the final value is presented as
mean and standard deviation. Besides, the suggestion model is
contrasted with the methods of strong baseline to demonstrate
the efficiency of the multimodal architecture.

IV. RESULTS AND DISCUSSION

A. Experimental Configuration and Implementation Details

All experiments have been implemented in Python. Numer-
ical baselines were built using Scikit-learn, the proposed multi-
modal model was implemented using PyTorch, and transformer
baselines were implemented using HuggingFace Transformers.
Experiments were done on the Kaggle research platform with
GPU/CUDA to speed up the training and inference. Data
preprocessing and feature engineering were done using Pandas,
NumPy and Scikit-learn. Performance was measured in terms
of Accuracy, Precision, Recall, F1-score and AUC. To make
the comparison as broad as possible, baseline models were
developed for both the numerical and textual modalities. The
number baselines were Random Forest 100 trees, XGBoost
logistic objective, SVM probabilistic output, and a 2-layer
multilayer perceptron with 64 and 32 hidden layers. The
textual baselines were BERT-Base, RoBERTa, DistilBERT, and
ELECTRA fine-tuned for three epochs and batch 16 maximum
sequence length 128.

D-HAN-Net was optimized using AdamW with learning
rate of 1.5 × 10−5, batch size 16 and max. 40 epochs. Early
stopping was used according to validation AUC using patience
of 10 epochs. To deal with the class imbalance, a weighted

random sampling was adopted in the mini-batch construction
and focal loss was taken into consideration to give priority
to difficult samples. The final classification threshold was
chosen from the precision-recall curve by finding the F1-score
(Table I).

TABLE I. KEY TRAINING CONFIGURATION FOR THE PROPOSED
D-HAN-NET MODEL.

Parameter Value
Healthy:Bankrupt Ratio 5:1
Data Split (Train/Val/Test) 70% / 15% / 15%
Selected Numerical Features 20
Text Encoder Aggregation Bidirectional GRU
Numerical Representation Gated Residual Network (GRN)
Multimodal Fusion Cross-modal Attention + Gate
Optimizer & Learning Rate AdamW, 1.5× 10−5

Batch Size & Max Epochs 16, 40
Imbalance Handling Weighted Sampling, Focal Loss (γ = 2)

B. Performance Evaluation and Empirical Analysis

Across all baselines, the test-set results confirm that
bankruptcy signals are captured much more reliably by struc-
tured financial variables than by narrative text alone, as illus-
trated in Table II. Among numerical baselines, MLP achieves
the best overall score with accuracy 0.9133 and AUC 0.9672
and SVM and Random Forest closely follow with accuracy
close to 0.89-0.90 and AUC above 0.94. However, Table II also
shows a clear trade-off in which XGBoost and SVM have the
highest recall of 0.9310 but their precision remains lower with
0.5510 and 0.6136, which implies a higher number of false
positive bankruptcy alarms. The transformers that are text-
only perform a weaker job overall, with accuracy maximum
of 0.8324 and AUC mostly in between 0.61-0.69 which means
that separability with text only is limited. D-HAN-Net is
unique in the way that it enhances the overall ranking and
classification simultaneously. It has the highest accuracy of
0.9400 and the best AUC of 0.9709, which shows the most
obvious separation between bankrupt and healthy firms across
thresholds in Table II. At the same time, it maintains precision
of .7485 and recall of .8828 which means the model does
not face the common tradeoff between high recall and many
false positives. This balance can be seen in its top F1-score
in comparison with all baselines. The result is consistent
with recent multimodal bankruptcy studies which indicate that
combining financial and textual information improves minority
distress detection [36], [37].

Table III provides a comparison between the AUC scores
of the model with different sets of features (K). When only
10 features were used, the AUC is less (0.8997) since the
model has limited depth with regards to finances. Maximum
performance is achieved at the top of the optimal K = 20
(our proposed model) which captures the most effective and
relevant financial signs of risk assessment. Further increases in
AUC to 30 and 40 bring the values to 0.9373 and 0.9303, re-
spectively. This deterioration confirms that too many variables
bring about noise and redundancy of data which ultimately
diminishes the total accuracy of prediction.

Fig. 3 reports the confusion matrix of D-HAN-Net on
the held out test set and explains how the final accuracy
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TABLE II. BASELINE COMPARISON RESULTS ON THE TEST SET

Type Model Accuracy Precision Recall F1-Score AUC
Numerical Random Forest 89.60% 64.10 86.21 73.53 95.31
Numerical XGBoost 86.13% 55.10 93.10 69.23 93.92
Numerical SVM 89.02% 61.36 93.10 73.97 95.47
Numerical MLP 91.33% 68.42 89.66 77.61 96.72
Text BERT-Base 83.24% 50.00 37.93 43.14 68.51
Text DistilBERT 67.63% 27.87 58.62 37.78 66.55
Text ELECTRA 73.99% 30.95 44.83 36.62 61.09
Numerical +Text D-HAN-Net 94.00% 86.00 92.00 88.00 97.34

TABLE III. AUC PERFORMANCE BASED ON FEATURE SELECTION
(TOP K).

Number of Selected Features (TOP K) AUC Score
TOP K = 10 0.8997
TOP K = 20 0.9734
TOP K = 30 0.9373
TOP K = 40 0.9303

gets formed using class wise outcomes. The confusion matrix
shows that 135 healthy firms are correctly classified as healthy
and 26 bankrupt firms are correctly identified as bankrupt. The
remaining errors are limited, and asymmetric in a good way
for use in early warning. Only 9 healthy firms are flagged
as bankrupt which represents false alarms which may trigger
unnecessary investigation, while only 3 bankrupt firms are
classified as healthy which represents missed distress cases
which are usually more costly in practice. The low number
of false negatives shows that the model captures most of the
distressed firms, and does not depend on the majority class
to inflate the accuracy. At the same time, a low number of
false positives means the model does not create over sensi-
tive screening that will overwhelm stakeholders with alerts.
Overall, in the matrix, D-HAN-Net is seen to have a practical
balance between caution and precision that generates high true
positive detection and keeps the misclassification rates under
control. This behavior is consistent with a robust multimodal
decision process that relies on financial ratios, as well as
disclosure signals.

C. Threshold Independent Performance Evaluation

Instead of improving performance at a single fixed thresh-
old, D-HAN-Net provides a predictable better performance
balance across a wide range of operating points, and this can
be seen from both of the curves in Fig. 4 and Fig. 5. In Fig. 4,
its ROC trajectory remains most close to the top left region
over most of the false positive range, which represents the
best separating capability between bankrupt and non-bankrupt
firms. The early rise of the curve indicates that the sensitivity
is gained rapidly and the small drift to the right indicates that
false positives are still under control. The numerical baselines
lag behind them with very high but less high curvature so
their extra true positive gain tends to demand more false
positives. The text-only transformers are still closer to the
diagonal trend, with very limited discriminative power across
thresholds in Fig. 4. This suggests that narrative disclosures
alone may capture uncertainty-related semantic cues but re-
main insufficient for stable bankruptcy discrimination without

Fig. 3. Confusion matrix of the D-HAN-Net on the test dataset.

supporting financial indicators. D-HAN-Net is unique in that
it enhances overall ranking as well as classification together.
It has the highest accuracy of 0.9400 and the best AUC of
0.9734 demonstrating the clearest separation of bankrupt and
healthy firms for different thresholds, as in Table II. At the
same time, it maintains the precision level at 0.86 and recall
level at 0.88 and thus the model does not suffer from the usual
tradeoff where higher recall comes with a lot of false positives.
This balance is reflected in its top F1-score compared with all
the baselines. The improved performance likely arises from the
complementary interaction between structured financial indica-
tors and contextual narrative evidence under highly imbalanced
distress conditions.

The same advantage passes on to the more decision critical
view in Fig. 5. D-HAN-Net maintains precision when recall is
increased, thus can recall more bankrupt firms without quickly
raising false alarms. This is important in screening tasks where
it is costly to miss a bankrupt case, but too many false
alerts will also make the tool less practical. Several numerical
baselines exhibit a steeper drop in precision at higher recall,
indicating that the sensitivity (i.e. pushing to create more
alarms) produces more noisy alarms. The text-only models
fall to low precision early, and are weak throughout the curve,
indicating that the narrative signals alone are insufficient to
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Fig. 4. Receiver Operating Characteristic (ROC) curves for all models.

secure stable retrieval.

Fig. 5. Precision–Recall (PR) curves for all models.

Taken together, Fig. 4 and Fig. 5 imply that D-HAN-
Net has strong ranking quality and stable class retrieval,
simultaneously, and the advantage is retained in the whole
threshold space instead of only one chosen decision point,
which is helpful for deployment under various risk preferences.

D. Model Robustness and Cross Seed Stability Analysis

Robustness analysis evaluates whether D-HAN-Net stays
reliable when training is repeated with different random seeds
and compares this stability against strong numerical baselines
in Table IV. The goal is to ensure that the reported gains are
not caused by one favorable run, but remain consistent across
multiple executions of the pipeline. Table IV indicates that
D-HAN-Net achieves the best overall performance across five
seeds. It records the highest accuracy at 94.00 ± 0.57 and the
strongest AUC at 97.34 ± 0.35, showing superior separation
between bankrupt and healthy firms. The F1 score is also

the highest at 88.00 ± 0.75, supported by high precision at
86.00 ± 4.14 and high recall at 92.00 ± 4.68, which reflects
balanced detection rather than a one sided gain. The error
profile further strengthens this conclusion in Table IV. D-HAN-
Net shows the lowest Type I error at 6.11 ± 1.55, which
means fewer false bankruptcy alarms than XGBoost, Random
Forest, and SVM. Type II error remains controlled at 11.72
± 4.68, while Random Forest shows a higher Type II error at
17.93 ± 4.02, implying more missed bankrupt cases. XGBoost
and SVM reach very high recall at 93.10, but their lower
precision and higher Type I error indicate a larger false positive
burden. Overall, Table IV supports that combining auditor text
with financial ratios produces a more stable and dependable
predictor than single modality baselines.

E. Component Contribution and Ablation Investigation

The ablation study is to break the full D-HAN-Net into
key parts, to quantify the contribution of each block to
the prediction quality. This type of analysis helps validate
the components, as well as measuring the synergy, that the
overall gains are the result of the combined design, rather
than one block alone. As presented in Table V, the result
of the full model is the best, which is accuracy 94.00, F1-
score is 88.00 and AUC is 97.34. When GRN is removed,
performance deteriorates drastically to accuracy 83.82 and
AUC 84.77, suggesting that gated refinement is central for
strong representation learning. Removing sequential aggre-
gation also decreases performance, with accuracy 84.97 and
F1 64.79, which suggests that sequence level cues help the
model form a more stable decision. When attention fusion is
removed, F1 drops to 61.76, AUC drops to 86.69, this means
that cross-modal alignment is required to maintain a balance
between the predictions. The biggest degradation occurs when
focal loss is removed, in which F1 will be 60.38 and AUC
will be 83.33, indicating the importance of the loss design
in handling class imbalance and avoiding unstable learning.
Overall, Table V suggests that strong and consistent results
demand the complete integration of GRN, sequential modeling,
attention fusion and focal loss, as opposed to some simplified
variant.

F. Model Interpretability Through Feature Impact Analysis

A clear hierarchy of risk drivers can be seen from the
SHAP summary in Fig. 6. Going Concern Opinion is the best
contributor, in which higher feature values drive the predictions
into the bankrupt category and lower values are more likely
to be healthy companies. The extensive dispersion of SHAP
values indicates that audit opinion is a powerful separating
signal particularly to firms whose explicit distress is enduring.
The second and third in pecking order are retained earnings
and variables that are associated with net income, which
implies that reduced profitability and exhausted accumulated
earnings add to the risk of bankruptcy. Most of their SHAP
effects are skewed towards the positive in unfavorable values
indicating that the model considers the weaknesses of earnings
as a direct distress signal. It is also indicated by Fig. 6
that the model is based on the mix of audit signals and
core indicators of financial strength instead of the particular
ratio. Balance sheet variables like current assets and total
stockholders equity have a similar direction with less financial
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TABLE IV. ROBUSTNESS ANALYSIS ACROSS 5 RANDOM SEEDS

Model Accuracy AUC F1-Score Precision Recall Type I Error
XGBoost 86.13 ± 0.00 93.92 ± 0.00 70.89 ± 0.00 55.10 ± 0.00 93.10 ± 0.00 15.28 ± 0.00
Random Forest 90.06 ± 0.77 94.95 ± 0.36 74.93 ± 0.75 66.78 ± 3.33 82.07 ± 4.02 8.33 ± 1.58
SVM (RBF) 89.02 ± 0.00 95.57 ± 0.11 75.68 ± 0.00 61.36 ± 0.00 93.10 ± 0.00 11.81 ± 0.00
D-HAN-Net (Proposed) 94.00 ± 0.57 97.34 ± 0.35 88.00 ± 0.75 86.00 ± 4.14 92.00 ± 4.68 6.11 ± 1.55

TABLE V. ABLATION STUDY OF D-HAN-NET: IMPACT OF KEY
COMPONENTS ON PERFORMANCE.

Model Variant Accuracy F1-Score AUC
D-HAN-Net 94.00% 88.00 97.34
w/o GRN 83.82% 61.97 84.77
w/o Sequential Agg (Bi-GRU) 84.97% 64.79 89.22
w/o Attention Fusion 84.39% 61.76 86.69
w/o Focal Loss 87.28% 60.38 83.33

strength being associated with increased risk. Other accounting
indicators such as federal tax reconciliation and comprehensive
income also have effects on prediction, but the average effects
are smaller. This indicates that the model reflects primary
distress indicators and secondary accounting indicators linked
to declining performance. Altogether, the feature effects are
economically sound. The model relates the indicators of audit-
based concerns with the profitability and solvency indicators
within one interpretable decision framework, with the highest
impact on the audit opinion, then the quality of earnings, and
the support provided by the resilience of the balance sheet,
respectively, to the ultimate prediction.

G. Case-Specific Evaluation and Linguistic Interpretability

This case study highlights how confidently each of the
models flags a difficult bankrupt firm in Table VI. D-HAN-
Net has the highest bankrupt confidence of 61.67, showing
the clearest risk judgment of this sample among all methods.
SVM is close at 60.93, while XGBoost is lower at 55.18,
which seems to exhibit lower level of commitment despite risk
detection. A larger gap is seen for the rest of the baselines in
Table VI. Random Forest drops to 44.00 and MLP drops even
further to 32.07, meaning that they consider the same firm
less decisively bankrupt. The lowest scores are experienced
by the text only transformers, hovering around 13.12 to 16.38,
suggesting that they mostly fail to pick up on the evidence of
distress in this difficult example. Overall, Table VI presents
that D-HAN-Net is the most decisive model on a hard case,
where single modality baselines tend to under estimate the
bankruptcy risk.

Fig. 7 illustrates the most common linguistic cues to fi-
nancially struggling firms taken from Management Discussion
and Analysis and auditor opinion sections. The word cloud
emphasises such dominant words as costs, credit, interest,
sales, capital, and accounts that are often found in bankruptcy
related disclosures. The prominence of these terms reflect com-
mon financial distress narratives including rising operational
costs, debt obligations, declining revenues, and restructuring
pressures. This visualization is qualitative evidence that there
are meaningful warning signals of corporate failure in the
textual disclosures. Such linguistic patterns complement the

Fig. 6. SHAP Summary plot: Evaluating global feature importance and
directional impact in D-HAN-Net.

TABLE VI. CRITICAL CASE STUDY: CROSS-MODEL BANKRUPTCY
CONFIDENCE SCORES (TEST INDEX = 45).

Model Architecture Confidence Score (Bankrupt)
SVM 60.93
XGBoost 55.18
Random Forest 44.00
MLP 32.07
BERT-Base 15.49
ELECTRA 16.38
DistilBERT 13.12
D-HAN-Net (Proposed) 61.67

numerical financial indicators that are to be used in the
proposed framework and help to explain the role of textual
evidence in predicting bankruptcy. The analysis supports the
interpretability objective it shows that the model captures real
world distress related language present in corporate reports
rather than relying solely on statistical correlations.
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TABLE VII. BENCHMARK COMPARISON OF EXISTING MODELS WITH THE PROPOSED D-HAN-NET

First Author Year Architecture Dataset AUC
Ainan et al. [34] 2024 Hybrid Machine Learning Unbalanced Polish Dataset 0.9580
Mancisidor et al. [37] 2022 CMMD U.S. Firms 0.9327
Fasano et al. [32] 2024 Explainable AI Corporate Financial Dataset 0.9270
Arno et al. [36] 2023 Multimodal Ensemble ECL Dataset 0.9150
Correia [35] 2025 Traditional Accounting Models CRSP U.S. Firms 0.9136
Xiao et al. [33] 2024 DGCN-TA Enterprise Relationship Networks 0.8867
Mai et al. [7] 2019 Deep Learning U.S. Public Companies 0.8560
D-HAN-Net (Proposed) 2026 D-HAN-Net Multimodal 0.9734

Fig. 7. Linguistic red flags extracted from bankrupt firms’ auditor reports.

Table VII indicates that the proposed D-HAN-Net is an
effective tool in comparison to some other recent studies on
bankruptcy prediction. Prior deep learning studies like Mai et
al. had already achieved an AUC of 0.8560, which points to a
moderate level of predictive performance in the case of using
textual disclosures as the main predictive factor. Subsequent
methods were able to enhance performance by adding more
structural or financial data. As an illustration, the DGCN-
TA model by Xiao et al. resulted in an AUC of 0.8867
with the classical accounting based model by Correia et al.
having an AUC of 0.9136. Further developed architectures
also improved the performance of prediction. Arno et al.
multimodal ensemble method achieved an AUC of 0.9150, and
Fasano et al. showed the applicability of explainable AI of
0.9270. On the same note, the CMMD model of Mancisidor
et al. scored 0.9327, and the hybrid machine learning model
of Ainan et al. scored 0.9580, which is among the highest
scores ever seen among previous researchers. Although these
gains have been made, the proposed D-HAN-Net has the
best AUC of 0.9734, which is obviously above all current
methods, as summarized in Table VII. This outcome shows
that the hierarchical multimodal structure better extracts intri-
cate bankruptcy indicators from textual and financial features.
By combining these complementary modalities, the proposed
framework achieves superior discrimination and more reliable
predictive performance. This strength is evidenced by the
model’s robustness and consistently strong predictive capabil-
ity across numerous experiments.

V. CONCLUSION

A robust early warning system for corporate financial
distress is essential for investors, regulators, and financial insti-

tutions to manage risk and preserve market stability. This study
developed D-HAN-Net, a hybrid dual-stream deep learning
architecture that integrates structured financial indicators with
textual signals derived from corporate disclosures. By jointly
modeling numerical financial dynamics and narrative evidence
from MD&A sections and auditor reports, the proposed frame-
work captures complementary distress signals that are often
overlooked in single-modality approaches.

The empirical results show that the combination of fi-
nancial ratios and textual information from written disclosure
is able to improve the bankruptcy prediction performance
significantly. The proposed model has the highest performance
in terms of all evaluation metrics such as accuracy, AUC,
and F1-score with an efficient balance between precision
and recall. Compared with the standard machine learning
benchmarks and the transformer-based text models, D-HAN-
Net is able to reduce classification errors and increase the
overall classification reliability. Moreover, the fact that results
are consistent across multiple random seeds suggests that the
observed performance gains are robust, rather than sample-
specific. The ablation analysis further indicates that every ar-
chitectural component has a material contribution to the overall
predictive performance of the model, with especially high
contribution of the gated residual numerical encoder, hierar-
chical text representation, and cross-modal fusion mechanism.
These results highlight the importance of bringing diverse
financial information together in a cohesive predictive model.
In addition, the interpretability analysis indicates that the
model captures economically meaningful indicators of distress.
Audit-related going concern indicators as well as profitability
and balance sheet strength indexes become key variables. The
linguistic analysis of disclosure texts also suggests that the
model finds distress-related narrative patterns often found with
financially vulnerable firms.

Beyond the predictive performance, the results of this study
have meaningful implications for the financial reporting reg-
ulation. Narrative disclosures, especially MD&A discussions
and auditor reports, provide informative signals of financial
distress. Therefore, regulatory authorities may wish to consider
enhancing mandatory reporting standards to increase the clar-
ity, consistency and decision-usefulness of such disclosures.
More standardized and informative reporting practices could
help improve the effectiveness of data-driven early warning
systems and provide support to more timely oversight by
regulators, creditors and investors.

Overall, the combination of structured financial data and
narrative disclosure is a more complete representation of cor-
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porate financial condition. The proposed architecture provides
a workable and reliable framework for early prediction of
bankruptcy, as well as informed financial risk assessment.
Despite the strong predictive performance, the proposed frame-
work may still be affected by temporal distribution shifts,
industry-specific reporting variations, and incomplete disclo-
sure availability in real-world financial environments. Future
research may investigate temporal forecasting settings and
robustness under changing economic conditions.
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