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Financial risk prediction for enterprises is a hot topic in the field of financial technology. Deep learning-Based
methods achieve encouraging the financial risk prediction performance due to the power ability of the feature
learning. However, there exists two issues in deep learning-Based methods. (1) Current methods fail to
accurately model the complex relationships among listed companies in the real financial market. (2) Current
methods lack credible estimates in the decision-making process, which leads to the questionable reliability of
the decision-making results. To this end, a trustworthy-constraint deep graph learning network (TDGL-net)
is proposed to achieve the above goal, which includes the multi-view feature encoding, the heterogeneous
graph information aggregation, the trustworthy decision-making mechanism. Specifically, TDGL-net integrates
a multi-dimensional bilinear neural tensor and Transformer into a unified multi-view feature encoding to
learn comprehensive representation. Then, TDGL-net models heterogeneous graph information aggregation
via the cross-category association and the intra-category association, to capture complex inter-enterprise
relationships with momentum spillover effects for enhancing the representation discrimination. Additionally,
TDGL-net incorporates a trustworthy decision-making mechanism to adaptively integrate information from
deep embedding representations and graph embedding representations according to enterprise-specific contexts,
improving decision reliability and accuracy. Ultimately, extensive experimental evaluations on the real-world
dataset reveal that TDGL-net delivers state-of-the-art performance in predicting enterprise financial risk.
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1. Introduction

Financial risk prediction for enterprises has always been
a crucial research direction in the field of financial tech-
nology [1, 2]. For instance, in stock fluctuation prediction,
investors are constantly striving to forecast the future trend
of a listed company’s stock, aiming to maximize profits in
the volatile financial market. Over the years, this task has
continuously inspired researchers’ strong interest in devel-
oping more effective forecasting models. Machine learning
methods have shown great potential in financial risk tasks.

In the research fields of finance and artificial intelligence,
existing studies typically rely on the historical prices of the
enterprise itself (such as opening price, closing price, vol-
ume) and apply various time - series analysis techniques to
predict the trend of stocks [3–5]. According to the efficient
market hypothesis, which posits that financial markets are
informationally efficient, some researchers also mine more
indicative features from market-outside data, such as on-
line media, including news information and social media
[6, 7].

However, when focusing on market-outside data, many

https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
http://dx.doi.org/10.6180/jase.202601_29(1).0011


114 Wenting Ma

studies often overlook the impact of stock fluctuations from
related companies, known as the momentum spillover ef-
fect in finance [8]. Although recent research has started to
model the stock momentum spillover effect using graph
neural networks, most of these studies only consider the
simple explicit relationships between related companies.
This simplified approach inevitably fails to accurately
model the complex relationships among listed companies
in the real financial market. In reality, the relationships
between listed companies are influenced by diverse fac-
tors such as industry competition patterns and supply
chain upstream and downstream relationships. Modeling
based solely on simple explicit relationships is like viewing
through a tube, only capturing a part of the problem and
failing to grasp the whole picture [9].

Moreover, the current financial risk decision-making
process also has certain limitations, mainly reflected in the
lack of credible estimates in the decision - making process,
which leads to the questionable reliability of the decision-
making results [10, 11]. In financial risk prediction, a credi-
ble estimate is crucial for decision - makers as it provides
a more accurate risk assessment and a more reliable basis
for decision - making. Without credible estimates in the
decision - making process, it may lead decision - makers
to misjudge the risks and make unreasonable decisions. In
such cases, financial institutions may suffer huge losses due
to decision-making failures when facing the complex and
changing financial market, and may even trigger systemic
financial risks, posing a threat to the stable operation of the
entire financial market.

To address these challenges, a trustworthy-constraint
deep graph learning network (TDGL-net) is proposed to
achieve the above goal, which includes the multi-view fea-
ture encoding, the heterogeneous graph information ag-
gregation, the trustworthy decision-making mechanism.
Specifically, TDGL-net integrates a multi-dimensional bilin-
ear neural tensor and Transformer into a unified multi-view
feature encoding framework to capture multi-dimensional
interactions between corporate financial information and
media sentiment, thereby providing a more comprehen-
sive representation of historical information. Through
cross-category association learning and intra-category as-
sociation learning, TDGL-net can aggregate heterogeneous
graph information, learn complex inter-enterprise relation-
ships, and capture momentum spillover effects to enhance
the discriminative power of financial information represen-
tations. Additionally, TDGL-net incorporates a trustworthy
decision-making mechanism based on subjective logic and
uncertainty estimation, which adaptively integrates infor-
mation from deep embedding representations and graph

embedding representations according to enterprise-specific
contexts. This approach improves decision reliability and
accuracy, mitigates over-confidence issues, and delivers
more dependable financial risk predictions. Ultimately, ex-
tensive experimental evaluations on the real-world dataset
reveal that TDGL-net delivers state-of-the-art performance
in predicting enterprise financial risk.

The key contributions of TDGL-net include:

• A unified multi-view feature encoding framework that
captures multi-dimensional interactions between cor-
porate financial information and media sentiment, pro-
viding a more comprehensive representation of histor-
ical information.

• Cross-category and intra-category association learning
mechanisms that effectively aggregate heterogeneous
graph information, learn complex inter-enterprise re-
lationships, and capture momentum spillover effects.

• A trustworthy decision-making mechanism that adap-
tively integrates information from deep embedding
representations and graph embedding representations
according to enterprise-specific contexts, improving
decision reliability and accuracy.

The organization of TDGL-net is structured as follows:
Section 2 provides a comprehensive analysis of the pro-
posed TDGL-net, detailing its fundamental elements and
functional processes. Section 3 presents a thorough empiri-
cal evaluation of TDGL-net’s effectiveness using bench-
mark datasets, alongside an in-depth comparison with
leading-edge techniques. Section 4 summarizes the key
contributions of EHCL and outlines potential directions for
future research and enhancement.

2. Method

Let (G, X, S) denote financial information dataset of N en-
terprises, where G is the Enterprise-CEO dual relationship
heterogeneous graph, X = {xt

i = {opt
i , cpt

i , hpt
i , lpt

i , tvt
i}

N
i }

denotes history information of on the t-th day of the i-th
enterprise including opening price, closing price, highest
price, lowest price, and trading volume (tv), and S = {st

i =

{post
i , negt

i , di f t
i }}

N
i denotes the positive media sentiment,

the negative media sentiment, and media sentiment dif-
ference on the t-th day of the i-th enterprise. The goal of
this paper is to utilize the financial information dataset
(G, X, S) of enterprises to achieve the enterprise financial
risk prediction. To this end, a trustworthy-constraint deep
graph learning network (TDGL-net) is proposed to achieve
the above goal, which includes the multi-view feature en-
coding, the heterogeneous graph information aggregation,
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Fig. 1. The architecture of TDGL-net. The multi-view
feature encoding module integrates multi-dimensional

bilinear neural tensors and Transformer networks to
capture dynamic interactions between financial indicators

and media sentiment. The heterogeneous graph
information aggregation module employs dual-channel

attention networks to model cross-category entity
relationships and intra-category market dynamics. Finally,

the trustworthy decision-making mechanism leverages
Dirichlet distribution-based uncertainty quantification to
adaptively fuse deep semantic embeddings with graph
structural representations, ensuring robust and reliable

financial risk predictions.

the trustworthy decision-making mechanism, as shown in
Fig. 1.

2.1. Multi-view feature encoding

Generally, financial information is influenced by multi-
view time-series market signals. Considering the strong
temporal dynamics of corporate financial information, his-
torical states are useful for predicting future trends. There-
fore, when forecasting the financial risk of company i on
date t, it should account for market signals from the past
several days. Specifically, TDGL-net first captures multi-
view interactions between historical information and me-
dia sentiment. Then, TDGL-net feeds the fusion features
into a Transformer block and takes the final hidden state
as the sequential embedding of enterprise i to preserve
spatio-temporal dependencies.

More specifically, TDGL-net introduce a multi-
dimensional bilinear neural tensor layer to correlate the
company’s financial historical information with the media
sentiment towards the company across multiple dimen-
sions:

zt
i = Relu(xt

i WTsi + V
[

xi
si

]
+ bT), (1)

where Relu is the activation function, WT ∈ R5×3×4 is the
trainable tensor, V ∈ R8×4 is the learnable parameter, bT

represents the bias term. Then, TDGL-net inputs multi-

view fusion feature into Transformer to capture spatio-
temporal information over the past T days:

mt
i = Transformer(zt−T

i , zt−T+1
i , . . . , zt

i ), (2)

where mt
i denotes the sequential embedding of enterprise i.

2.2. Heterogeneous graph information aggregation

In real markets, the fluctuations in a company’s financial
information are often influenced by related companies, a
phenomenon known as the momentum spillover effect in
finance. To address this challenge, TDGL-net leverages a
Deep Graph Learning architecture, motivated by the need
to accurately model the complex interdependencies and
momentum spillover effects among enterprises. Traditional
methods often fail to capture these intricate relationships,
leading to suboptimal predictions. Deep Graph Learning,
with its ability to handle heterogeneous and dynamic graph
structures, provides a powerful framework for uncovering
hidden patterns and interactions in financial data. Con-
sequently, based on the Enterprise-CEO dual relationship
heterogeneous graph, TDGL-net employs a dual-attention
strategy to model both inter- and intra-class correlations
between enterprises and CEOs. This approach not only
captures the direct relationships within the same category
(e.g., interactions between companies) but also the cross-
category relationships (e.g., affiliations between companies
and their CEOs). By learning relational embeddings that
incorporate momentum spillover signals, TDGL-net en-
hances the discriminative power of financial information
representations, leading to more accurate and reliable fi-
nancial risk predictions.

Inter-class correlation learning aims to handle the inter-
actions between enterprises and CEOs. Specifically, given
an enterprise entity u ∈ U and an executive entity e ∈ E,
TDGL-net first projects their embeddings into a common
space since they are heterogeneous types of entities via a
linear layer:

q′u = Wuqu

q′e = Weqe,
(3)

where q′u and qu represent the original and projection fea-
tures of u, respectively. Here, the initial feature of qu can be
obtained through mt

i and the initial feature of qe can be ob-
tained by averaging the sequential embedding of enterprise
where they serve.

For enterprise entity u, different types of inter-class re-
lationships provide different semantics for its embedding,
and similarly, different entities with the same relationship
also do so. Consequently, TDGL-net employs entity-level
and relationship-level attention mechanisms to hierarchi-
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cally aggregate signals from neighbors of other types to the
target u.

Given the relationship ri ∈ Rinter between u and e,
where Rinter denotes the set of inter-class relationships, the
importance of executive e to company u is denoted as wri

ue:

wri
ue = attentity(q′u, q′e; ri) = LeakyReLU

(
a⊤ri

· [q′u∥q′e]
)

,
(4)

where ari is a learnable weight vector. ∥ denotes the con-
catenation operation. LeakyReLU is the non-linear activa-
tion function. Then, TDGL-net fuses neighbors of different
types with a specific relationship ri based on the impor-
tance wri

ue:
qri

u = Relu( ∑
e∈N ri

inter(u)

wri
ue · q′e) (5)

where N ri
inter(u) denotes the sets of executives under the

relationship ri.
Once all the relationship embeddings qri

u are obtained,
TDGL-net uses the relationship-level attention to fuse them
together to get the cross-class relationship embedding zu

of entity u. First, the importance wri of each relationship
for the final prediction is calculated as follows:

ϵri =
exp

(
1
|U| ∑u∈U Wq · qri

u

)
∑rj∈Rinter

exp
(

1
|U| ∑u∈U Wq · q

rj
u

) . (6)

where Wq is the learnable parameter. By fusing all the rela-
tionship embeddings, we obtain the cross-class relationship
embedding zu:

zu = ∑
ri∈Rinter

ϵri · qri
u (7)

Intra-class correlation learning aims to learn the interac-
tions between entities of the same type. Specifically, given
a relationship rk ∈ Rintra starting from the enterprise u,
where Rintra denotes the set of all intra-class relationships
of u, we can obtain the neighbor set N rk

intra(u) based on
intra-class relationships. Each intra-class relationship rep-
resents a semantic interaction, which can be encoded using
relationship-specific attention. We first calculates the entity
ũ relative to entity u under the relationship rk:

αrk
uũ =

exp(LeakyRelu(a⊤rk
· [Wkzu ∥ Wkzũ]))

∑u′∈N rk
intra(u)

exp(LeakyRelu(a⊤rk · [Wkzu ∥ Wkzu′ ]))
,

(8)
where zu and zũ represent the output representations of the
inter-class attention network. Wk represents the learnable
weight matrix, shared by each node of the same type. ark is
the node-level attention weight vector under the relation-
ship rk. N rk

intra(u) represents the intra-class neighbors of
node u under the relationship ϕk. Then, given the relation-
ship rk, the embedding hrk

u of entity u can be calculated as

follows:
hrk

u = Relu( ∑
ũ∈N rk

intra(u)

αrk
uũ · Wkzũ) (9)

Next, we can perform relationship-level attention mecha-
nisms to fuse entity embeddings to obtain the relationship
embedding hu:

hu = ∑
rk∈Rintra

(
exp( 1

|U| ∑u∈U Wh · hrk
u )

∑rl∈Rintra
exp( 1

|U| ∑u∈U Wh · hrl
u )

) · hrk
u (10)

where Wh represents the learnable parameters.

2.3. Trustworthy decision-making mechanism

TDGL-net designs the trustworthy decision-making mech-
anism to aggregate information between deep embed-
ding representations and graph embedding representa-
tions, which dynamically fuses decision information from
different views according to the specificity of enterprises.

In generally, traditional classifiers usually use the soft-
max function to convert continuous outputs into class prob-
abilities, i.e., p = [p1, . . . , pK ], where ∑K

k=1 pk = 1. Mathe-
matically, p can be considered as the parameters of a multi-
nomial distribution describing K mutually exclusive events.
Although the softmax function is effective, it often leads
to overconfidence. To alleviate this issue, TDGL-net intro-
duces the evidence method to learn the subjective logic
P = {{p1, . . . , pK}, µ} of classification, where ∑K

k=1 pk ≥ 0
represents the classification probability, µ represents the
overall credibility, and ∑K

k=1 pk + µ = 1. Then, the Dirich-
let distribution (which can be considered as the conjugate
prior of the multinomial distribution) is used to infer the
subjective logic, achieving uncertainty estimation for each
view.

Specifically, the probability density function of the
Dirichlet distribution is defined as follows:

Dirichlet(p | θ) =


1

β(θ) ∏K
i=1 pθi−1

i if p ∈ ΛK

0 otherwise
(11)

where θ = [θ1, . . . , θK ] represents the Dirichlet distribution
parameters.

ΛK =

{
p |

K

∑
i=1

pi = 1, 0 ≤ p1, . . . , pK ≤ 1

}
(12)

where ΛK represents the (K-1)-dimensional simplex. β(θ)

represents the K-dimensional beta function. Then, based
on the Dirichlet distribution parameters, the sample’s clas-
sification probability is:

pk =
θk − 1

∑K
k=1 θk

(13)

To obtain the Dirichlet distribution, the softplus activa-
tion function is used to construct the classifier, so that
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the positive outputs are considered as the evidence vec-
tor v = {v1, . . . , vK}:

θk = vk + 1 (14)

Based on the variational theory, the classification loss func-
tion is designed to optimize the classifier:

Ld
c = Ld

1 + λLd
2 (15)

where λ is the balance hyperparameter. The first term is
defined as follows:

Ld
1 =

K

∑
k=1

yk

(
D(θd

0)− D(θd
k )
)

(16)

where θd
0 = ∑K

k=1 θk represents the Dirichlet strength. yk

is the k-th element of the label y, represented as a one-hot
vector. D(·) is the digamma function. At the same time, a
reasonable Dirichlet distribution should be concentrated on
the corresponding vertex on the simplex, which means that
the parameters of the Dirichlet distribution should be as
close to 1 as possible except for the parameter correspond-
ing to the correct label. Therefore, the prior regularization
term Ld

2 is introduced as:

Ld
2 = DKL(Dirichlet(pd | θ̃d)∥Dirichlet( p̄d | [1, . . . , 1]))

(17)
where θ̃d = y+ (1− y)⊙ θd. Dirichlet( p̄v | [1, . . . , 1]) is the
uniform Dirichlet distribution. By minimizing the classifi-
cation loss Ld

c , the Dirichlet distribution Dirichlet(pd | θ̃v)

can be obtained. Then, the subjective logic parameters for
deep embedding representations are L = {{pd

1 , ..., pd
K}, µd}.

After capturing the Dirichlet distributions from deep
embedding representations and graph embedding rep-
resentations, i.e., Dirichlet(pd | θ̃v) and Dirichlet(pg |
θ̃g), multiple Dirichlet distributions are adaptively inte-
grated based on the uncertainty of the Dirichlet distri-
bution using the evidence theory. Specifically, the sub-
jective logic of two views Ld = {{pd

1, ..., pd
K}, µd} and

Lg = {{pg
1 , ..., pg

K}, µg} are integrated into a fused sub-
jective logic L = {{p1, ..., pK}, µ}, which is defined by the
evidence synthesis formula L = Ld ⊕ Lg as follows:

pk =
1

1 − ∑i ̸=k pg
i
(pd

k pg
k + pd

k ug + pg
k ud)

u =
1

1 − ∑i ̸=j pg
i pg

j
udug

(18)

The corresponding fused Dirichlet distribution parameters
Dirichlet(p | θ) are obtained through θk = pk × ∑K

i=1 θi + 1.
To obtain a reliable fusion Dirichlet distribution, the fusion

classification loss is designed as:

Lc = L1 + λL2

=
K

∑
k=1

yk(D(θ0)− D(θk))

+ λDKL(Dirichlet(p | θ̃) ∥ Dirichlet( p̄ | [1, ..., 1]))

(19)

The trustworthy decision-making mechanism, which com-
bines the evidence neural classification network param-
eterized by Dirichlet parameters and the theory of evi-
dence fusion, can dynamically identify the risky views
for decision-making and utilize the informative views in
the final decision.

Thus, TDGL-net utilizes the following loss Loss to opti-
mize the overall architecture with the multi-view feature
encoding, the heterogeneous graph information aggrega-
tion, the trustworthy decision-making mechanism:

Loss = Lc + αLd
c + βLg

c (20)

where α and β are trade-off parameters. After the opti-
mization is completed, a multi-view voting mechanism is
designed to achieve the final financial risk prediction ŷi.

ŷt
i = arg max(pt

i + pd;t
i + pg;t

i ), i = 1, 2, . . . , N (21)

where ŷt
i denotes prediction of the i-th enterprise on the

t-th data

3. Results and discussion

3.1. Dataset and Setup

Dataset and metric: We have collected publicly available fi-
nancial data from companies listed on the China Securities
Index, which we have named the "SMP" dataset. The SMP
dataset encompasses historical price data from November
21, 2017, to December 31, 2019, 50 online financial news ar-
ticles published across four major financial websites (Sina,
Hexun, Sohu, and Eastmoney), as well as 158 companies
and 205 CEOs. Following [11], four metrics are employed
to evaluate the performance of TDGL-net, including Preci-
sion (Pre), Area Under the Curve (AUC), Recall (Rec), and
the F1 Score (F1). Pre measures the proportion of true posi-
tive predictions out of all positive predictions made by the
model. AUC evaluates the model’s ability to distinguish
between classes by measuring the area under the receiver
operating characteristic curve. Rec assesses the proportion
of true positive predictions out of all actual positive cases.
F1 is the harmonic mean of precision and recall, providing
a balanced measure of both metrics.

Implementation Details: TDGL-net is implemented us-
ing the PyTorch and PyTorch Geometric libraries. Training
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is conducted on a GTX 1080 GPU, with each session aver-
aging 1.5 hours. In the experiments, the lookback window
T is set to 20, the learning rate is set to 0.0003, and the
dimensions of both the deep embedding representations
and the infection graph embedding representations are set
to 128. The number of training epochs is configured to
500. To prevent overfitting, an early stopping strategy is
employed based on the AUC (Area Under the Curve) from
the validation set.

3.2. Performance Comparison

Fig. 2. Comparison of TDGL-net to top-performing
methods on SMP in terms of four metrics.

Six methods are used to valid the performance of TDGL-
net, including GCN [11], GAT [12], HGT [13], MAN-SF
[14], STHAN-SR1 [15], and AD-GAT [16]. As shown in
Fig. 2, experimental results demonstrate that TDGL-net
comprehensively outperforms mainstream models in en-
terprise financial risk prediction tasks. On core evaluation
metrics, its precision (0.6958) surpasses baseline models
such as GCN (0.5812) and GAT (0.6125) by more than 8.3%-
19.7%, while its AUC value (0.6875) and recall rate (0.6977)
both achieve the highest levels among comparable meth-
ods, validating the model’s balanced recognition capability
for positive and negative samples. Notably, TDGL-net’s
F1 score (0.7012) exceeds the 0.7 threshold, representing a
3.5% improvement over the best baseline, AD-GAT (0.6773),
which fully demonstrates the model’s synergistic optimiza-
tion of precision and recall. This series of significant gaps
indicates that TDGL-net not only enhances single-metric
performance but also achieves comprehensive performance
breakthroughs across multiple dimensions.

TDGL-net demonstrates superior performance through
three architecturally innovative components that form a
comprehensive technical framework. The system’s ad-
vancements manifest in three key dimensions: 1) Multi-
perspective Feature Encoding Architecture - By synergizing
bilinear neural tensor layers with Transformer networks,

the model achieves multi-dimensional spatiotemporal in-
teraction between financial indicators and media sentiment
analytics, effectively overcoming traditional models’ defi-
ciencies in capturing dynamic temporal patterns. 2) Hetero-
geneous Graph Fusion Mechanism - This pioneering frame-
work concurrently models cross-category entity relation-
ships (e.g., enterprise-CEO affiliations) and intra-category
market dynamics (e.g., inter-firm momentum spillover ef-
fects) through dual-channel attention networks, signifi-
cantly enhancing feature discriminability while preserving
complex semantic relationships. 3) Trustworthy Decision
Framework - Incorporating Dirichlet distribution-based
uncertainty quantification, this module adaptively fuses
deep semantic embeddings with graph structural represen-
tations, substantially reducing model overfitting induced
by financial data noise through probabilistic regularization.

3.3. Ablation Study

Four ablation experiments are conducted to verify three
component effectiveness in TDGL-net. Specifically, (1)
TDGL-net utilizes the multi-view feature encoding (MFE)
to learn representations of enterprises, and then performs
the vanilla classification loss to achieve financial risk pre-
diction. (2) TDGL-net utilizes the heterogeneous graph
information aggregation (HIA) to learn representations of
enterprises, and then performs the vanilla classification loss
to achieve financial risk prediction. (3) TDGL-net utilizes
the multi-view feature encoding to learn representations of
enterprises, and then performs the trustworthy decision-
making mechanism (TDM) to achieve financial risk predic-
tion. (4) TDGL-net utilizes the multi-view feature encoding
and the heterogeneous graph information aggregation to
learn representations of enterprises, and then performs the
vanilla classification loss to achieve financial risk predic-
tion.

Table 1 ablation analysis reveals synergistic mechanisms
of TDGL-net’s three modules: (1) MFE vs HIA: Multi-view
Feature Fusion (MFE) demonstrates superior representa-
tion over graph aggregation (HIA) (F1 0.5189 vs 0.4613),
yet their integration achieves a 28.7% F1 boost (0.6675),
highlighting feature-topology complementarity. (2) TDM
Efficacy: The Trustworthy Decision Module (TDM) deliv-
ers 23% performance gain through uncertainty modeling,
with an additional 5.05% improvement over the MFE+HIA
baseline, confirming its confidence-calibration value. (3)
System Synergy: The components form an organic sys-
tem—MFE integrates multi-dimensional attributes, HIA
mines topological relationships, and TDM ensures robust
risk decisions. Progressive performance enhancements val-
idate the "feature fusion → relation mining → trustworthy
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Table 1. Ablation results on SMP dataset in terms of four metrics.

MFE HIA TDM Pre AUC Rec F1
√

0.5267 0.5153 0.5164 0.5189√
0.4607 0.4536 0.4645 0.4893√ √
0.6260 0.6494 0.6370 0.6381√ √
0.6524 0.6691 0.6543 0.6675√ √ √
0.6958 0.6875 0.6977 0.7012

Table 2. Sensitivity verification on SMP dataset in terms of
four metrics.

α β λ Pre AUC Rec F1

0.1 0.1 0.1 0.6267 0.6153 0.6151 0.6189
0.1 1 0.1 0.6607 0.6536 0.6664 0.67489
0.1 1 1 0.6556 0.6449 0.6437 0.6481
1 0.1 0.1 0.6924 0.6857 0.6965 0.6980
1 0.1 1 0.6812 0.6832 0.6888 0.6907
1 1 0.1 0.6958 0.6875 0.6977 0.7012

Table 3. Impact of representation dimension on TDGL-net
performance on the SMP dataset.

z m h Pre AUC Rec F1

64 64 64 0.6725 0.6643 0.6789 0.6752
128 128 128 0.6958 0.6875 0.6977 0.7012
256 256 256 0.6843 0.6765 0.6856 0.6867
512 512 512 0.6634 0.6547 0.6689 0.6656

decision" architecture. Functional coupling drives collabo-
rative optimization, advancing financial risk assessment to
new heights.

3.4. Sensitivity verification

Table 2 presents the results of experiments conducted to
evaluate the effects of different parameter, i.e., α, β, and λ,
values on TDGL-net’s performance. As shown in the table,
increasing the value of α generally enhances the model’s
performance. When α is increased from 0.1 to 1, the preci-
sion increases from 0.6267 to 0.6958, the AUC from 0.6153
to 0.6875, the recall from 0.6151 to 0.6977, and the F1 score
from 0.6189 to 0.7012. This indicates that a higher α value
improves the integration of deep and graph embeddings.
Similarly, increasing β also positively impacts performance.
For instance, setting β to 1 (with α at 0.1 and λ at 0.1) results
in improved precision, AUC, recall, and F1 score compared
to β at 0.1. This suggests that a higher β value better cap-
tures the heterogeneous graph information. The parameter
λ significantly affects performance. A lower λ value (0.1)
generally yields better results than a higher value (1). For
example, with α and β set to 1, a λ of 0.1 results in a pre-

cision of 0.6958, AUC of 0.6875, recall of 0.6977, and F1
score of 0.7012, which are the highest values achieved. In
conclusion, the optimal parameter settings are α = 1, β = 1,
and λ = 0.1, providing the best balance and highest pre-
diction accuracy for TDGL-net in enterprise financial risk
prediction.

3.5. Representation analysis

Table 3 presents the impact of different representation di-
mensions on TDGL-net’s performance. The dimensions of
the multi-view fusion representation z, sequential repre-
sentation m, and relationship representation h were varied
together as 64, 128, 256, and 512. Results show that the
model’s performance peaks when dimensions are set to
128, achieving the highest F1 score of 0.7012. At 64 dimen-
sions, while performance is reasonable, there is a noticeable
drop in all metrics compared to 128 dimensions, indicating
that 64 may not be sufficient to capture complex feature
interactions. Increasing dimensions beyond 128 leads to di-
minishing returns, with performance declining at 256 and
512 dimensions. This suggests that higher dimensions may
introduce noise or overfitting, harming predictive accuracy.
Thus, choosing an appropriate representation dimension is
crucial for balancing model complexity and performance.

4. Conclusion

This paper introduces TDGL-net, a novel deep graph learn-
ing framework for financial risk prediction, featuring three
innovations: multi-view feature encoding with neural ten-
sors and Transformers, heterogeneous graph aggregation
via dual-attention mechanisms, and a subjective logic-
based decision mechanism. These advancements enhance
enterprise relationship modeling and prediction reliability.
Future research directions include exploring high-order
graph architectures, integrating multi-modal data, expand-
ing applications to stock prediction and credit scoring, re-
fining uncertainty quantification, developing explainable
AI, and enhancing real-time prediction capabilities.
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