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ABSTRACT

Existing methods for predicting legal judgments typically focus on the analysis of contextual relationship 

of word level in the legal case descriptions, rather than the global causality at event level. The approaches 

are susceptible to interference from irrelevant information in lengthy texts, thereby reducing the accuracy 

of similar case retrieval. Moreover, the complex causal relationships in legal documents are rarely paid 

attention to and utilized, which diminishes the interpretability of the judgment outcomes. To address 

these issues, this paper proposes a similar case retrieval algorithm by the fusion of textual features 

and graph structural features derived from the causal event evolutionary graph (CEEG), in which the 

EventBERT and relational graph convolutional network (R-GCN) model are developed to improve the 

accuracy and completeness of similar case retrieval. Therefore, a multi-path root cause inference (MRCI) 

algorithm is proposed for charge prediction, by means of uncertain causality representation and causal 

inference on the legal knowledge-integrated CEEG for cases. The legal judgment prediction method is 

thus proposed by integrating the algorithms of similar case retrieval and charge prediction. Experimental 

comparative analysis reveals that the proposed method intuitively represents the internal logical and causal 

relationships in the legal cases, and significantly improves both the accuracy and interpretability of legal 

judgment prediction.
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© 2025 Chinese Academy of Sciences. Published under a Creative Commons Attribution 4.0 International (CC BY 4.0) 
license.
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1.  INTRODUCTION

In recent years, researches on judicial prediction tasks have mostly been conducted on the basis of 

pre-trained language models fine-tuned by specific issues in the legal field. However, large models often 

exhibit weak capabilities in structured representation of legal domain knowledge and internal logical 

causality, which hinders the learning and reasoning on fundamental principles of judicial prediction [1] 

and diminishes the interpretability of predicted results. Therefore, relying solely on big data and large 

models still has certain limitations in resolving this task. To address the challenges, the methods based 

on knowledge graph and causal inference methods which offer structured knowledge representation, 

enhanced interpretability and improved computational accuracy, present a promising solution. In 

particular, causal event graph can effectively describe and quantify the global causalities among legal 

entities, establishing an efficient and interpretable basis for predictive reasoning.

Therefore, this paper proposes a novel approach to legal judgement prediction that integrates causal 

inference with similar case retrieval methods. Based on the construction of knowledge-integrated causal 

event evolutionary graph (K-CEEG) for legal cases, a fusion mechanism of textual and graph structural 

information (FTGS) and a multi-path root cause inference (MRCI) algorithm are proposed. The solutions 

are intended to facilitate more accurate and interpretable legal judgment reasoning, by establishing a 

consistent framework for structured representation of legal knowledge and inherent causalities underlying 

legal cases.

The remainder of this paper is structured as follows: Section 2 briefly reviews the method of case 

retrieval and legal judgement prediction, Section 3  describes the detailed reasoning process of our 
method, Section 4 provides a detailed presentation of the experimental results and analysis, and Section 5 

concludes the paper.

2.  RELATED WORK

In judicial practice, similar cases are important basis for judgments, which helps to maintain the stability 

of the law and judicial fairness, and improve judicial efficiency. Similar case retrieval refers to the analysis 

of the current case by referring to the judgment results or reasons of previous cases that have similarities in 

facts, legal relationships, etc., in order to guide the judgment or ruling of the current case.

Significant progress has been made in the research of implementing similar case retrieval methods in 

recent years. Shao et al. [2] utilized the BERT-PLI model to capture semantic relationships at the paragraph 

level and aggregated paragraph information interaction for similar case retrieval in order to address the 

issues related to the unique characteristics of legal text. Xiao et al. [3] further proposed Lawformer, a 

pre-trained language model specifically tailored for the Chinese legal domain to enhance the model’s 

ability to deal with lengthy legal texts, and adapted it for similar case retrieval tasks. Li et al. [4] developed 

SAILER, a novel structure-aware pre-trained language model designed for legal case retrieval to leverage 

the structural information of legal documents to improve retrieval accuracy. However, relying solely 
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on language models often fails to capture the complete structural information within legal documents. 

For that, Zhang [5] and Tang et al. [6] proposed the CaseGNN, a similar case retrieval model based on 

graph neural networks, which utilizes the structural information of legal documents and overcomes the 

limitations of language models regarding text length. Gao et al. [7] further improved this approach by 

replacing graph neural networks with graph matching networks and proposed a Legal-GMN model, 

which improves the interpretability of case matching predictions. The EMV method proposed by Zhang 

et al. [8] incorporates event knowledge and leverages a heterogeneous graph structure for legal retrieval, 

further demonstrating the critical role of structural and knowledge enhancement in improving retrieval 

performance in the legal domain.

Liu et al. [9] proposed a predictive model that integrates BERT with LSTM-CNN and is capable of 

handling multi-label features based on the characteristics of legal texts. However, this model focuses solely 

on extracting pure legal information and neglects the integration of legal background knowledge. Luo [10]  

and Zhang et al. [11] introduced the attention mechanisms and highlighted the significance of legal 

knowledge, by demonstrating the correlation between case descriptions and legal statutes. Nonetheless, 

these approaches encounter difficulties in differentiating complex cases and identifying low-frequency 

charges, particularly in the context of limited data. Hu et al. [12] achieved accurate predictions for low-

frequency charges under small sample conditions by distinguishing attributes. He et al. [13] addressed 

the imbalance in charges by constructing a sequence-enhanced capsule model incorporating an attention 

mechanism. While these studies solely utilize language models for single-layer text analysis, they do not 

incorporate knowledge graphs. Zhao et al. [14] improved the effectiveness of charge prediction tasks 

by incorporating relevant legal statutes as external knowledge and integrating this information through 

graph fusion. While this approach enhances task performance, it does not explore the causal relationships 

between case developments and judgment outcomes. Zhou et al. [15] proposed the LK-IB framework 

by utilizing legal knowledge and combining an interpretable model and a black-box model to balance 

the interpretability and prediction performance. Although it performs well on simple cases, further 

investigation is required to address more complex scenarios. Recent advances have emphasized the 

importance of modeling label dependencies and task-level consistency, as exemplified by GJudge [16],  

which constructs legal label graphs and introduces graph-based consistency constraints to enhance 

multi-task performance. To better capture the structural correlations between legal facts and statutes, 

LF-HetG [17] further proposed a heterogeneous graph framework that integrates case facts, keywords, 

and law articles, enabling more accurate representation and disambiguation of similar provisions. To 

further enhance legal text modeling, Meng et al. [18] incorporated domain knowledge into large language 

models via deontic prompt learning and multi-granularity graph fusion, significantly improving legal text 

understanding and law article prediction.

Similar case retrieval can provide decision-making basis for judgment prediction, therefore, there is 

an inherent correlation between the two tasks rather than independence. However, the aforementioned 

studies mostly focus on improving the accuracy of individual tasks and overlook the intrinsic correlation. 

To bridge this gap, Guo et al. [19] developed a novel judgment prediction approach, TenLa, which 

introduces case similarity as a key factor by utilizing a controllable tensor decomposition algorithm 
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combined with an optimized Lasso regression model. A CaseLink [20] model based on inductive 

graph learning is proposed to utilise the intrinsic case connectivity for legal case retrieval, a novel 

Global Case Graph is incorporated to represent both the case semantic relationship and the case legal 

charge relationship. Similarly, Zhou et al. [21] introduced a similar case-based prison term prediction 

method that integrates case similarity into the judgment prediction process, enabling more accurate 

sentencing outcomes based on similar cases. Li et al. [22] differentiated the value of different similar 

cases by designing a legal judgment prediction model called MAtching GuIding Cases (MAGIC), which 

enhances the weight of typical and guiding cases in the prediction process. Yao et al. [23] proposed a 

novel Gated Hierarchical Multi-Task Learning Network, GHE-DAP, to tackle multiple subtasks of Judicial 

Decision Prediction simultaneously by extracting deep semantic information from fact descriptions from 

various perspectives. Further, Yao et al. [24] proposed a novel multi-task learning network, CSDNet, 

to jointly tackle multiple subtasks incorporating the properties including commonalities, specificities, 

and dependencies. A denoising module is developed to minimize noise interference between sub-tasks 

and enhance prediction accuracy. However, these models overlook the intrinsic structural information 

within similar cases. Dong et al. [25] proposed a framework named Graph Contrastive Learning with 

Augmentation (GCLA), which conducts fine-grained structural processing of similar cases by constructing 

trainable document-level graphs for fact descriptions and capturing local and global contexts through 

sentence-level subgraphs. However, this approach does not address the modeling and processing of 

complex causal relationships. To improve the interpretability of judgment outcomes, Wang et al. [26] 

developed a reinforcement learning principal representation model by integrating an attention mechanism 

for regression prediction (PRRP), which captures distinguishing features of cases from multiple perspectives 

and achieves a more interpretable sentencing prediction through feature-enhanced fact representation.

Despite rapid research progress in the field, existing methods for predicting judgments still face some 

challenges. Firstly, case descriptions often contain a significant amount of information irrelevant to the 

judgment. Although attention mechanisms can highlight relevant parts and diminish the importance of 

irrelevant words, they cannot completely discard unrelated information. Even if each unrelated word has 

a low weight, their cumulative weight can significantly impact the semantic representation of the case 

description [27]. Secondly, these models rarely focus on the logical reasoning and causal relationships 

embedded in the case details, making it difficult to accurately infer complex cases through causal chain 

analysis. Thirdly, while some methods have improved model interpretability, they lack in-depth causal 

analysis and a transparent reasoning process, which undermines the consistency of the prediction results 

and their explanations.

To address the above issues, this paper proposes a legal judgment prediction method based on the 

knowledge-integrated causal event evolution graph (K-CEEG) based on Dynamic Uncertain Causality 

Graph (DUCG) [28-30], which can compactly represent and precisely reason about uncertain causalities. 

The uncertain causality representation mechanism is introduced in the construction of K-CEEG to enhance 

the interpretability of the model. Moreover, a novel similar case retrieval algorithm FTGS and a charge 

prediction algorithm MRCI are proposed by means of uncertain and causal inference schemes on the 

K-CEEG.
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3.  METHODOLOGY

This paper presents a legal judgement prediction method based on knowledge-integrated causal event 

evolutionary graphs. As illustrated in Figure 1, this method is mainly composed of four parts: (1) The 

construction of K-CEEG; (2) FTGS similar case retrieval algorithm; (3) MRCI charge prediction algorithm; 

and (4) Causal inference-based sentencing prediction algorithm.

3.1  The construction method of K-CEEG

The construction of K-CEEG consists of three parts: the construction of CEEG and CLKG, and the graph 

fusion and simplification. The construction process is illustrated in Figure 2.

Figure 1.  The framework of judgment prediction method.
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3.1.1  The construction of CEEG

CEEG is proposed to represent the large-scale criminal judgment documents. The process of 

constructing a CEEG begins with data preprocessing, aiming at extracting key case descriptions from the 

judgment documents. Next, based on ontology layer definitions, legal entity recognition is accomplished 

through methods such as constructing regular expressions, matching keyword dictionaries, and analyzing 

syntactic structures. Concurrently, the OmniEvent toolkit is utilized for event detection tasks. Finally, the 

PMI score is combined with attention mechanisms to calculate causal coefficients, enabling the extraction 

of logical evolutionary relationships and completing the construction of the CEEG.

(1) CEEG ontology layer design

The ontology layer design serves as the backbone and foundation of the graph construction task, 

abstracting the content in the domain texts. To delineate the domain of formal case details while refining 

each field and describing the logical relationships between the concepts behind the cases, additional 

definitions for concept types and relationship types are provided.

Definition of CEEG Concept Types: To comprehensively capture the critical information involved in 

a case and achieve effective structured representation of legal documents, three types of concepts are 

defined in CEEG: 1) the individuals including defendants, victims, and other related individuals appearing 

in the case; 2) the abstract events involved in the case, and six types of events and behaviors exist in 

a specific case according to the Chinese legal event detection data set LEVEN [31], including general 

behaviors, prohibited behaviors, judicial-related behaviors, harmful consequences, accidents, and natural 

disasters (totally 300 abstract events can be defined); 3) key legal elements, including the aggravating 

factors, mitigating factors, amounts involved, and injury descriptions. Some of the key elements that are 

Figure 2.  Construction process of K-CEEG.
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difficult to identify through event detection but will have an impact on the verdict. Figure 3 illustrates the 

definition of CEEG concept types.

Definition of relationship types: Logical evolution relationships primarily include causality and 

sequential relationships. Sequential relationships can be viewed as a generalized causality with weaker 

causal strength. In the adjudication process of judicial cases, the causal connection between the behavior 

of the perpetrator and the resulting harm is particularly emphasized, as it is a crucial basis for determining 

legal responsibility and directly decides whether the perpetrator should be held accountable for a  

specific outcome.

Subject-object relationships focus on the connections between involved individuals, abstract events, 

and key legal elements. This relationship is simplified by analyzing the relative positions of entities within 

the text. Specifically, the judgment documents are segmented at the sentence level. If the role of an 

involved person appears before the current focal event or legal element, the relationship between them is 

marked as a subject relationship. Conversely, if the person’s role appears after the event or legal element, 

the relationship is defined as an object relationship. This differentiation helps distinguish the behaviors 

of different individuals, enabling effective extraction of the connections between involved individuals 

and the events related to their actions in legal documents, thereby facilitating a better understanding of  

case development.

Figure 3.  Definition of CEEG concept types.
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(2) Logical relationship evolution and causality coefficient calculation

Due to the unique stylistic nature of judicial documents, extracting causal relationships solely based 

on explicit causal trigger words is incomplete. Therefore, this paper proposes a causality coefficient 

calculation method that combines Pointwise Mutual Information (PMI) values with a self-attention 

mechanism. By setting a threshold, it distinguishes between causality and sequential relationships. PMI is a 

metric that measures the co-occurrence frequency of two events related to the occurrence frequencies, as 

defined in Eq. (1).

 
=  

 
2

P( ,  )
PMI( ,  ) log

P( )P( )

x y
x y

x y
 (1)

In which P(x, y) represents the joint probability of events x and y, while P(x) and P(y) represent the 

individual probabilities of events x and y. The PMI value is calculated by the normalization process defined 

in Eq. (2).

−
=

−
PMI( ,  ) minPMI

normPMI( ,  )
maxPMI minPMI

x y
x y  (2)

Attention weights are calculated using a self-attention mechanism combined with the softmax function. 

The self-attention mechanism captures the strength of associations between different events, and the 

softmax function converts these association strengths into a probability distribution. The specific process is: 

1) input the node features { }…=
  

1 2h ,  ,  ,  Nh h h , where N is the total number of nodes in the graph, and  

2) train a weight matrix for each node, and perform the self-attention mechanism calculation.

If there are explicit causal trigger words between two events, the weight between these two arcs should 

be directly set to 1 to reflect the explicitly stated causal relationships in the texts. Finally, the causality 

coefficient is obtained by integrating the PMI values and attention weights, which represents the strength of 

causal relationship between events, as defined in Eq. (3).

+
=

normPMI( ,  ) AttentionWeight( ,  )
CausalCoefficient( ,  )

2

x y x y
x y  (3)

(3) The example of CEEG

This section selects the case description in “Chen committed the crime of intentional injury” and uses 

this as an illustrative example of the CEEG construction, which is shown in Figure 4.
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3.1.2  The construction of CLKG

CLKG is constructed based on the articles of the Criminal Law of the People’s Republic of China, as 

follows.

(1) Approach of extraction of criminal acts based on syntactic structure analysis

The behavior descriptions within the articles of the law have a decisive impact on the determination of 

the charges and sentencing. These descriptions are usually detailed and complex, and directly represent 

them as nodes in the knowledge graph would hinder subsequent processes of graph alignment and 

integration. Therefore, a concise and effective approach is proposed for identifying and extracting the 

involved behaviors. Firstly, the Baidu LAC tool is used to segment the content of the charges and label 

parts of speech. The syntactic analysis focuses on three types of words with high prevalence and significant 

importance: common verbs, nominal verbs, and adverbs. This approach effectively extracts key behaviors 

Figure 4.  An illustrative example of the construction of CEEG.
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and elements from the descriptions of charges. Further, considering that the CEEG focuses on abstract 

events, only verb-related words are retained as entities under the charge types in the CLKG. This effectively 

establishes the connection between the two types of graphs, better aligning the behavior descriptions in 

the charges with the abstract events in the CEEG.

(2) Injection of causal relationships and weight calculation

The constructed knowledge graph focuses on three basic elements of the Criminal Law: charges, 

descriptions of the criminal acts, and statutory penalties, which are interconnected by intrinsic causal 

logical relationships. Charges serve as the qualitative characterization of criminal behaviors, providing 

a high-level legal abstraction. In contrast, the descriptions of the criminal acts and statutory penalties 

provide the concrete and quantitative expressions of this abstraction. The detailed elements within 

the descriptions of the criminal acts directly impact the determination of statutory penalties. Statutory 

penalties, as the legal consequences of charges, are tightly linked to both charges and descriptions of the 

criminal acts. Therefore, causality is introduced to define the relationships among entities in the CLKG, 

and the relationship weights are defined as causal coefficients.

The calculation of causal coefficients in the knowledge graph integrates a statistics-based method and 

an expert knowledge fine-tuning method. As shown in Eq. (4), for each pair of entities in the graph, we 

first count the number of all downstream entities directly connected to the head entity in the current triplet 

and take the reciprocal as the initial weight coefficient of the relationship. Then, we count the number 

of occurrences of the current triplet and multiply it by the initial weight coefficient to obtain the final 

probability value.

( ) = × 
 

1
Weight( ,  ) C( ,  )

N( )
h t h t

h
 (4)

In which, N(h) represents the number of all downstream entities directly connected to the head entity h. 

C(h, t) denotes the number of occurrences of the current head entity h and the tail entity t. This approach 

allows for the preliminary quantification of the strength of causal relationships between each pair of 

entities.

However, the statistical method alone cannot fully account for the specificity and complexity of the 

legal domain. Therefore, it is necessary to incorporate expert knowledge for fine-tuning, which can 

effectively address the limitations of a single model in dealing with diverse real-world problems. To ensure 

the rationality of the CLKG construction and the setting of causal coefficients, domain experts can be 

invited to evaluate and revise the relationships within the knowledge graph as Eq. (5). CausalCofficient 

(h, t) is the final causal coefficient of this edge, δ is the adjustment amount of the weight made by the 

domain expert.

δ= +CausalCofficient( ,  ) Weight( ,  )h t h t  (5)
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(3) The example of CLKG

Figure 5 illustrates an example of CLKG construction based on four types of criminal charges under the 

Criminal Law: murder, negligent homicide, negligent causing of serious injury, and intentional injury.

3.1.3  The graph fusion algorithm of CEEG and CLKG

The above-mentioned two types of graphs are integrated by means of similar node fusion, in order to 

generate the K-CEEG. Nodes that coexist in the two graphs primarily include the verb words related to the 

charge type in the knowledge graph and the abstract events in the CEEG for the case evolutionary process. 

By comparing the verb-related words with the corresponding trigger words of the abstract events in the 

text, the identical shared nodes from two graphs are merged.

However, just merging the identical shared nodes in two graphs is not enough. A text similarity 

comparison algorithm for the nodes is further proposed to further enhance the effectiveness of the graph 

fusion by three steps: 1) word vector acquisition, 2) similarity calculation, and 3) node merging. Firstly, the 
BERT-Base-Chinese model is utilized to obtain the word embeddings for the nodes in the graph. Secondly, 

Figure 5.  An illustrative example of the CLKG construction.
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cosine similarity is employed to evaluate the similarity between word vectors, as shown in Eq. (6). Finally, 

based on the similarity calculation results, a threshold τ is set to decide whether to merge two nodes or 

not. The experimental results reveal that the threshold τ can be set to 0.8 in practical applications to ensure 

correct merging of similar nodes. An example of K-CEEG construction is illustrated in Figure 6.

θ =

= =

⋅
= = =

∑

∑ ∑
  1

2 2

  1   1

cos( )

n

i i
i

n n

i i
i i

AB
A B

Similarity
A B

A B

 (6)

Figure 6.  An illustrative example of the K-CEEG construction.
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3.2  Similar case retrieval algorithm FTGS

A similar case retrieval algorithm FTGS is proposed, as shown in Figure 7. Initially, summaries of case 

descriptions are derived from the triplets in the CEEG. The EventBERT model is then applied to incorporate 

event information from the graph, enabling the comparison of textual similarities. Simultaneously, the 

R-GCN model, coupled with an MLP, is employed to obtain the similarity between the graph structures by 

analyzing the structural relationships. Finally, the outcomes are integrated to generate a similarity ranking 

for candidate cases.

3.2.1  Improved EventBERT model

In judicial documents, case descriptions are usually lengthy and filled with extraneous details. For 

that, the CEEG is employed to convert extracted triplets into concise text summaries, thereby distilling 

the essential information and core elements of the cases. The objective is to succinctly capture the key 

content of legal documents to support subsequent case retrieval tasks and balance retrieval efficiency with 

accuracy.

Once the basic case description summaries are obtained, the EventBERT model is utilized to integrate 

event information within the case descriptions. As shown in Figure 8, EventBERT enhances the original 

BERT model by incorporating the Event Type Embeddings in addition to the existing Token Embeddings, 

Segment Embeddings, and Position Embeddings.

Figure 7.  FTGS similar case retrieval algorithm.
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During the construction of the CEEG, 300 distinct types of abstract events are identified and assigned 
unique IDs. These abstract events serve as trigger tokens within the input text summaries, where each 

event is represented with an Event Type Embedding, and its corresponding event type ID is added as 

an embedding to the input. For non-trigger tokens, the sum of their token embeddings and position 

embeddings is directly input into the encoder. Based on this structure, the EventBERT model is trained 

using a sentence pair classification framework. The input sequence is composed of concatenated query 

and candidate cases, and the model classifies the relationship between the two. The output is a two-

dimensional probability distribution, indicating the confidence level that the query case and the candidate 

case are either related or unrelated.

3.2.2  The similarity calculation method of R-GCN

This study proposes a multi-relational graph convolutional network (R-GCN) method for similarity 

calculation, with the detailed process illustrated in Figure 9.

Figure 8.  Embedding layer structure of EventBERT model.
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Figure 9.  Similarity calculation method of R-GCN.

The similarity calculation considers both the node and arc similarities. During the graph fusion phase, 

the word embedding information obtained via the BERT-Base-Chinese model is used as the vector 

representation of the nodes, transforming abstract events into a form comprehensible to the model. The 

input graph is defined as G = (V, E, R), where V is the set of nodes, storing the word vector of each node; 

E is the set of arcs, storing the graph structure information of the CEEG through an adjacency matrix; 

and R is the set of relationships in the graph, primarily including subject-object relationships, sequential 

relationships, and causal relationships. The forward update formula for nodes in the R-GCN model is 

shown in Eq. (7).

( ) ( ) ( ) ( ) ( )σ+

∈ ∈

 
= +  

 
∑ ∑  1

0
    , 

1

r
i

l l l l l

i r j i
r j i r

h W h W h
C 

 (7)

In which, ( )+  1l

ih  represents the embedding of node i in the l-th layer of the graph convolutional network. 

, i rC  is a normalization constant, set to the number of neighbors that node i can find through relation r. 
( )l

rW  is the weight matrix for relation r in the l-th layer, while ( )
0

lW  is the self-loop weight matrix, which is 

continuously updated during the training process. The ReLU function is utilized as the activation function 

to compute the embedding ( )+  1l

ih  of node i in the (l + 1)-th layer.

( )( )( )( )σ σ= ⊕ + +, 0 0GraphPred softmax ( )query candidates i query candidates iW W g g b b  (8)

Finally, the results obtained through GCN are linearly combined with the results predicted by 

EventBERT at the textual level to generate the similarity score for the current query case and candidate 

cases. The similarity scores of all candidate cases are then compared to obtain the final ranking result as:

α β= × + ×, , , SimilarityPred GraphPred AbstractPredquery can query can query can  (9)

In which α and β are adjustable parameters that can be tuned to enhance or diminish the influence of 

textual and graph similarities on the final result.
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3.3  The algorithm of MRCI charge prediction

The MRCI algorithm is proposed to predict potential judgment outcomes by incorporating graph 

simplification, subgraph partitioning, and root cause inference modules. Take Figure 10 as an example, 

which illustrates a fused graph for the case of “Wang Moutao’s Public Brawl”. In the graph, red square 

nodes represent the charges associated with the case, green circular nodes represent abstract events and 

key legal elements mentioned in the case description, yellow nodes represent the descriptions of charges 

in related legal statutes, and purple nodes represent nodes that appear in both the knowledge graph and 

the event-effect graph. The node types corresponding to each node ID are listed in Table 1.

Figure 10.  An illustrative example of fused graph for case.
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3.3.1  The method of graph simplification and subgraph partitioning

Based on the constructed K-CEEG, the DUCG causality graph simplification and subgraph partitioning 

is employed to eliminate event nodes that are unrelated to the root cause charge and to disentangle the 

causal chains in complex cases. This process effectively identifies evidence nodes related to each charge.

(1) Process of graph simplification

Starting from each charge B, a depth-first search (DFS) traversal is conducted. During traversal, all 

downstream evidence nodes accessible from B are considered to be covered by this root cause. After 

traversal, the nodes X that cannot be explained by B are deleted.

(2) Process of subgraph partitioning

After simplifying the graph G to G’, we further partition G’ into multiple subgraphs based on the DFS 

traversal results.

Table 1  Node ID and Type.

ID Type ID Type

1054 Crime of fire safety liability accident 67 Brawling

1055 Crime of falsely reporting a safety incident 383 Conduct

1142 Murder 446 Take

1144 Intentional injury 447 Fire safety

1149 Illegal detention 448 Supervise

1157 Abuse of a person under supervision 450 Correction

1222 Crime of organizing or participating in group brawls 451 Refusal

2 Contact 452 Execution

4 Personal injury 648 Humiliate

8 Injury description (Minor injury) 651 Possess

9 Injury description (Second-degree minor injury) 673 Supervision

12 Forgiveness 675 Abuse

33 Armed with a firearm/weapon 711 Assemble

40 Notify/Remind
674

Corporal 
punishment62 Verbal dispute
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3.3.2  The method of root cause inference based on multi-path expansion

MRCI represents causal relationships between evidence nodes through relatively independent random 

events. For each subgraph obtained from the partitioning process, the algorithm infers the posterior 

probability Pr{Hk, j|E} for a given applicable charge Bk, which is the prediction result for root cause of the 

charge, as defined in Eq. (10),

{ } { }
{ }

{ }
{ }

≡ = =
∏

∏
, , 

, , 

PrPr
Pr |

Pr Pr

k j ik j is
k j k j

i i

H EH E
h H E

E E
 .(10)

In which Hk, j represents the hypothesis event corresponding to the candidate charge Bk in K-CEEG, and E 

indicates the set of observed events (case facts), while Ei  represents a specific observed event within that 

set, =∏ ii
E E . Subsequently, the obtained subgraphs are compared and the prediction results are 

normalized according to Eq. (11),  , 
s
k jh   denotes the normalized score for the hypothesis corresponding to 

the candidate charge Bk  under subgraph j, derived from the causal event knowledge graph. The original 

score , 
s
k jh  is scaled by a normalization factor ξi  , which is defined as the probability of observing the event 

E in subgraph i, normalized over all subgraphs. Specifically, { } { }ξ = ∑Pr / Pri i
E E ensures that each 

subgraph’s contribution is weighted proportionally to the likelihood of the observed evidence, thereby 

enabling fair comparison across multiple candidate subgraphs.

{ }
{ }

ξ ξ= ⋅ =
∑


, , 

Pr
,  

Pr
s s
k j k j i i

i

E
h h

E
 (11)

As shown in Figure 11, considering the subgraph partitioning results for case B1055, the observed 11 

event nodes can be treated as evidence, = 452 451 450 446 40 448 447 675 674 4 648E E E E E E E E E E E E . Then the logical 

expansion is performed on each of the evidence event, e.g., E4, E446, and E674 are respectively expanded as 

following.

= =4 4, 1 4, 1; 40, 1 40, 1; 448, 1 448, 1; 447, 1 447, 1; 1055, 1 1055, 1E X A A A A B

= =446 446, 1 446, 1; 40, 1 40, 1; 448, 1 448, 1; 447, 1 447, 1; 1055, 1 1055, 1E X A A A A B

= =674 674, 1 674, 1; 4, 1 4, 1; 40, 1 40, 1; 448, 1 448, 1; 447, 1 447, 1; 1055, 1 1055, 1E X A A A A A B  

Note that the causal coefficients calculated during the graph construction are defined as the 

probabilities A
n, k; i, j

 of event occurrence. The prior probability of charge prediction, B1055, 1, is defined 

by combining the frequency of its occurrence in a large-scale corpus of judicial documents with expert 

judgment. For the purpose of simplicity and in order to mitigate the impact of uneven distributions of high- 

and low-frequency charges on the results, we assume that the prior probabilities of all charges are equal. 

In the final calculation of the B1055 charge prediction task, the outcome is derived as the product of causal 

coefficients across all logical pathways generated through the multi-path expansion of the root cause.
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Furthermore, to refine and optimize the charge ranking results, the explanatory coverage of the root 

cause over relevant downstream nodes is considered. By calculating the proportion of downstream 

nodes associated with each root cause within each subgraph relative to all nodes in the complete graph, 

predictions not meeting a predetermined threshold are removed. This ensures that the remaining root 

causes more accurately reflect a broader range of critical nodes in the integrated graph, eliminating charge 

predictions with low relevance to the actual case. The threshold is adjustable and is set to 60% in this 

study for subsequent analysis.

The subgraphs corresponding to other charges in the example are computed using the same method. 

Based on this approach, the final charge prediction ranking for the example case is derived. Charges 

from the integrated graph that are associated with the case description but have low relevance, such as 

“Crime of fire safety liability accident (ID: 1054)”, “Crime of falsely reporting a safety incident (ID: 1055)”, 

“Illegal Detention (ID: 1049)”, and “Abuse of a Person under Supervision (ID: 1057)”, do not meet the 

requirement of covering over 60% of downstream nodes. Therefore, these charges are not included in 

Table 2.

Figure 11.  Root cause subgraph partitioning results for case B
1055

.

Table 2.  Sample case charge prediction results.

Charge MRCI prediction result

Crime of Organizing or Participating in Group Brawls (ID: 1222) 0.4498

Intentional Injury (ID: 1144) 0.3643

Murder (ID: 1142) 0.1859
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3.4  The causal inference-based sentencing prediction algorithm

The core concept of the MRCI charge prediction algorithm is performing the casual reasoning based on 

the observed evidence and predict the applicable charges for the case. The algorithm process is as follows.

Step 1: Simplification of the integrated graph.  After determining the applicable charges for the 
case using the MRCI algorithm, remove other root causes from the K-CEEG and simplify the graph by 

eliminating event nodes unrelated to the applicable charges.

Step 2: Connection of sentencing nodes. In previous charge prediction task, the sentencing nodes were 

simplified or omitted, as they were not essential to the objective. However, for the purpose of sentence 

length inference in this task, these nodes need to be re-integrated into the graph structure.

Step 3: Adjustment of causal coefficients based on similar cases. Considering the importance of similar 

cases in the sentencing process, integrate the sentencing results from the top 30 most similar candidate 
cases and adjust the causal coefficients of arcs between event and sentencing nodes accordingly.

For the example cases, approximately 83.33% of similar cases obtain sentencing results within the 

range of less than 3 years, while the 16.67% cases fall within the interval of 3 to 10 years. The statistics are 

combined with the original causal coefficients and divide by 2 to adjust the coefficient, as shown on the 

arcs in Figure 12.

Figure 12.  Simplified results of example charge prediction.
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Nodes 0 and 1 in the Figure 12 represent the potential sentencing ranges for Crime of Organizing 

or Participating in Group Brawls, that is applicable to this case. Further, the probabilities of the two 

sentencing outcomes are calculated by Eq. (12).

   =   
   
∑∑ ; 

, ; , , Pr( ) Pr
i i

i

n i
i n k i j i j

i j n

r
X A V

r
 (12)

In which, Xi represents the sentencing nodes to be predicted. Take Figure 11 as an example, in which all the 

nodes connected to the sentencing nodes are observed events, and the inference is performed as Eq. (13).

 
=  

 
∑∑ ; 

, , ; , , i i

i

n i
n k n k i j i j

i j n

r
X A V

r
 (13)

The calculated probabilities of X0 and X1 indicate that the sentencing range for this case is “less than 

three years.” In the actual court ruling, the case was sentenced to 8 months, demonstrating the method’s 
effectiveness.

= =

= =
0 0, 1

1 1, 1

Pr( ) Pr( ) 0.3462

Pr( ) Pr( ) 0.7769

X X

X X
 

4.  EXPERIMENTS

4.1  Experiments on similar case retrieval

In order to assess the practical effectiveness of the proposed FTGS similar case retrieval algorithm, the 

comparative experiments are conducted on three widely used baseline models: TF-IDF, BM25, and BERT. 

Additionally, the EventBERT model is introduced to evaluate the performance gains achieved by integrating 

graph neural networks, which processes only textual information in the evaluation.

The experiments use the publicly available LeCaRD dataset [31] for the similar case retrieval task 

track in the 2022 CAIL competition. It contains 107 query cases and over 10,000 candidate cases. 

For each query case, 30 candidate cases are selected, with the similarity ranking criteria provided by 

domain experts. The experimental evaluation metrics include mean average precision (MAP), normalized 

discounted cumulative gain (NDCG@k), and precision (P@k), which are commonly used in the field of 

information retrieval.

The 5-fold cross-validation is employed in evaluation by evenly and randomly dividing the original 

dataset into five subsets. Each subset is used as a test set in turn, with the remaining four subsets serving as 

the training set. The models are trained and evaluated on the test set, and this experimental method helps 

to better analyze the generalization ability of the models. Each subset served as the test set once, and the 

performance on the test set is measured using several metrics. The final evaluation result for the models 

is obtained by averaging the results of the five tests. This approach reduces the randomness in model 

performance evaluation and provides more reliable results by averaging multiple random splits of the 

dataset. The performance results of each model algorithm are shown in Table 3 and Figure 13.
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Analysis of the charts indicates that the FTGS similar case retrieval algorithm outperforms all baseline 

models across various metrics. Compared to the EventBERT model, which solely considers textual features, 

the integration of graph neural networks significantly improves performance by effectively leveraging 

graph structural information in the similar case retrieval task. Consequently, this experiment validates the 

effectiveness of combining textual and structural features for more robust legal judgment predictions.

4.2  Experiments on charge prediction

In order to validate the model’s effectiveness in charge prediction task, we conduct multi-label charge 

prediction experiments. Given that inaccurately predicting a charge may lead to misunderstandings of case 

judgment results, it is critical to prioritize accuracy. However, focusing solely on accuracy may result in 

the rare charges with fewer samples being overlooked, exacerbating the effects of data imbalance on the 

model’s predictive capability. Furthermore, considering the complexity of legal decision-making and the 

pursuit of justice, it is essential to account for all potential judgment outcomes comprehensively. Therefore, 

Table 3.  Performance of models on the LeCaRD dataset.

Models MAP NDCG@5 NDCG@10 NDCG@20 P@5 P@10 P@20

TF-IDF 40.17 69.13 74.59 78.83 23.60 24.32 23.82

BM25 42.45 63.57 68.67 72.53 31.52 32.61 31.09

BERT 45.64 68.90 74.37 79.70 34.55 38.18 36.59

EventBERT 45.45 75.72 77.74 82.49 40.91 38.64 35.68

FTGS 48.12 78.43 80.54 83.68 41.82 40.00 37.27

Figure 13.  Results of each model for similar case retrieval.
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we use recall and F1-score as two metrics, along with the interpretability of the reasoning process, 

to evaluate the algorithm’s performance from three perspectives. The baseline models chosen for this 

comparative experiment include commonly used algorithms in text classification tasks, such as Support 

Vector Machine (SVM), Convolutional Neural Network (CNN), and Bidirectional Long Short-Term Memory 

Network (BiLSTM).

The dataset for this task is also derived from LeCaRD, with 1,200  samples randomly selected to 
simulate a small sample environment for the experiments. Since the dataset lacks true and accurate charge 

judgment labels, we utilize the ChatGLM3-turbo large model API to generate pseudo-labels by inputting 

case names into a constructed template. These generated labels are then manually reviewed and revised 

to ensure the accuracy of the case judgment outcomes. Totally 10% of the data is extracted as the test set, 

and the remaining 90% is used as the training set. Table 4 and Figure 14 demonstrate the performance of 
the algorithms in the experiments.

The MRCI charge prediction algorithm achieves a higher recall rate compared to the other three models, 

demonstrating superior coverage of potential judgment outcomes, even with a limited sample size. It also 

attains a high F1-score, indicating that the algorithm effectively balances sensitivity and precision in charge 

Table 4.  Performance of each model in the charge prediction task.

Models Recall F1-Score Interpretability

SVM 20.56 16.05 ×

CNN 31.07 44.75 ×

BiLSTM 35.73 50.12 ×

MRCI 74.70 52.87 √

Figure 14.  Results of each model for charge prediction.
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prediction, reducing both false positives and false negatives. This balance ensures comprehensive capture 

of all potential charge judgment outcomes. Furthermore, the MRCI algorithm excels in interpretability, as 

it is based on the K-CEEG framework. The causal reasoning process is clearly delineated along the event 

logic evolution chain, providing a transparent explanation of the causal relationships and sentencing 

procedures involved in the judgment process.

5.  CONCLUSIONS

This study proposes a novel method for legal judgment prediction based on knowledge-integrated event 

evolutionary graphs and causal inference methods. The developed K-CEEG framework, which incorporates 

the FTGS similar case retrieval and MRCI charge prediction algorithms, addresses the limitations of 

existing methods by enhancing both the interpretability and accuracy of predictions. Experimental results 

validate the effectiveness of the proposed method in capturing the nuanced logic and causal structures 

inherent in legal documents. Future research will focus on refining sentencing prediction techniques, 

enhancing causal inference mechanisms, and extending the application of this model to a broader 

spectrum of legal scenarios. These ongoing efforts are intended to further strengthen the model’s robustness 

and utility as a dependable tool for legal decision-making.
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