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Abstract 

Text-attributed graph node classification is still a challenge since it needs to reason about the topology 

structure simultaneously with the free-text semantics. Although graph neural network can perform 

well on structural propagation,they tend to be blind for the details in the text associated with nodes. 

On the other hand, LLMs have excellent NLU skills and are weak on structured,multi-hop reasoning 

over network agents.To address the above gap, in this work we propose FinSCRA, a novel LLM-

powered multi-chain reasoning framework to inject domain-aware reasoning capability into a 

financial LLM with parameters efficient fine-tuning. Specifically, our framework designs a hierarchy 

of structured reasoning chains (single-hint,parallel, cascaded, and hybrid methods to extract and fuse 

the semantic signals like sentiment, correlation, and risk signals in the nodes’ text.A fusion layer 

based on fuzzy logic fuses the results of different reasoning lines for better robustness and 

explainability.While FinSCRA is generic and can be applied to other types of text-attributed graphs, 

here we assess its performance on credit risk analysis in supply chain networks,on the task of entity 

relation extraction, in which entities are related through their financial relation and described with 

rich text reports; we show experimentally on realworld datasets that our model FinSCRA greatly 

outperforms graphbased as well as LLM-based baselines,as an accurate and explainable technique to 

perform node classification over complex networked systems.We release our code and models for 

further research on LLM-grap. 

Keywords: FinLLM; explainable AI; supply chain risk; credit risk 

 

I. INTRODUCTION 

The combination of both structural and semantic reasoning in the context of complex networked 

systems poses an important algorithmic problem,especially where nodes represent rich unstructured 

text [1]. While traditional graph-based algorithms have been successful in modelling the topological 

propagation ,cannot capture or understand the subtle semantic information within text attached on 

nodes.On the other hand, recent works like ESIB emphasize filtering textual redundancy to capture 

essential reasoning features [2]. Furhthermore, LLMs demonstrate strong natural language 

understanding while failing at structured,multi-hop reasoning which involves not only the network 

topology but also the specific domain knowledge [3]. 

In this paper, we propose FinSCRA, a novel reasoning framework that algorithmically unifies 

graph-aware structural induction with finetuned linguistic reasoning via a FinLLM. Our core 

contribution is a structured multiple-chain reasoning mechanism that decomposes complex node 
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classification into a series of interpretable, intermediate inference steps. FinSCRA instead performs 

promptbased hierarchical chain-of-thought (CoT) reasoning on the given text rather than using them 

as pure features—single-hint,parallel, cascading, and hybrid approaches – to explicitly mine and 

combine risk indicative signals (e.g., sentiment, network correlation)and tags. These chains are 

designed for simulating systematic thinking both on the text space and also on the topology space. 

To ground our FinLLM on domain-aware reasoning, we utilize Low-Rank Adaption(LoRA) to 

inject knowledge efficiently[4]. Lastly,we design a multi-chain decision fusion module to fuse the 

results of different reasoning chains through fuzzy aggregation and centroid 

defuzzification,improving robustness and/or interpretability[5]. 

Our work makes three key algorithmic contributions: 

(1) We formulate node classification in text-attributed graphs as a multi-chain reasoning 

problem and propose a modular prompting architecture to support scalable and interpretable 

inference. 

(2) We finetune a FinLLM in an efficient manner so that it can perform the kind of reasoning 

chain we expect from domain-informed knowledge with sufficient expressiveness while remaining 

computationally tractable. 

(3) A fusion method to aggregate the outcomes of multi-view reasoning for better accuracy and 

explainability in decision making process. 

Although our proposal can be applied to arbitrary text-attributed graphs, we showcase it on a 

concrete application scenario for credit risk assessment of supply chains — an area where there are 

abundant text descriptions as well as intricate dependencies between different parties[7]. We conduct 

experiments with two public SC datasets, showing that FinSCRA achieves superior performance over 

pure graphbased models or vanilla LLMs,concluding that it is indeed an effective and interpretable 

reasoning tool over relational information. 

II. RELATED WORK 

Graph Neural Networks and Reasoning. Graph based approaches has seen tremendous 

progresses towards the modelling of relational data, where Graph Neural Network (GNNs) enable 

to perform effi- cient nodes and graph level representation via message passing [7,8]. However,most 

GNNs work with homogenous or numeric node features, and do not reason over unstructured text. 

Beyond the above-mentioned graph-based approaches,deep learning models have been extensively 

used in a variety of financial risk applications.e.g., Ke et al.(2025), who built a crypto reversal early-

warning system based on regulation signal and external sentiments; their multiple sources 

information fusion method brought us useful methodological inspirations on designing our 

hierarchical reasoning structure to capture different text clues [9]. 

LLM-based Structured Reasoning. CoT prompt and its variations show the potential to 

decompose a complex question into several reasoning steps[10]. On graphs,however, most LLMs are 

still restricted in single-node/single-hop QA tasks and approaches like Graph-CoT try to generalize 

CoT on the graph yet they mostly view the topology as static background knowledge instead of 

dynamic interaction between text-based reasoning[10].In this vein, we propose to build the reasoning 

chain topologyaware in such a way that it can connect text evidences between nodes explicitly. 

Multi-Modal Learning over Text-Attributed Graphs. Recently, the study of TAGs aims at jointly 

modeling structure and semantic information. Methods include using pretrained language models 

to encode texts then propagating in graphs,or leveraging GNNs to polish the text-enhanced 

embedding[11,12].Although effective, such methods generally fuse modalities on representation-

level instead of reasoninglevel which misses the chance to reason in a step-wise,interpretable 

inference similar to what humans do. 

Lightweight Fine-Tuning. Efficient parameter efficient tuning approaches like LoRA allow for 

fast domain adaption of large language models at low cost [6]. For graphs,however, they are still not 

well-explored, in particular for the task of reasoning-heavy applications[14]. FinSCRA uses LoRA to 
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inject domain-specific reasoning capability into a FinLLM,teaching it to gain this structure-based 

inference ability without losing its general language knowledge. 

Conventional credit risk models concentrate on firm-level financial well-being[15,16]. The 

network view sees that the risk of a firm as system-wide contagious. Graph-theoretic, epidemic and 

cascading failure algorithms [17] have all been used to model the contagion of risk through financial 

networks.While these models can be used for flow simulation, their empirical scopes are often 

constrained to quantitative network data, where no incorporation of qualitative text-based early 

warning signal is allowed. 

Reasoning View Aggregation. Ensemble and fusion methods have been extensively studied by 

the ML community, however they haven’t been applied for multiple chain LLM reasoning yet[18]. 

In FinSCRA we propose a fuzzy aggregation technique that aggregates output of different reasoning 

views,providing a principled approach for resolving disagreements and reinforcing agreement thus 

improving the robustness of decisions as well as their transparency. 

III. MODEL 

Figure 1 shows FinSCRA framework proposed to evaluate the credit risk of multiplex supply 

chain entities by the reasonings over concurring financial texts, including 3 constituent parts: (1) 

supply chain risk knowledge injection, (2) hierarchical reasoning chain construction, (3) multi-chain 

decision fusion. 

A. Task Definition 

For given multi-plexed SCN G with entities (nodes) V, and corpora of financial texts Tv for each 

entity v∈V (e.g., news articles, earnings reports, regulatory filings), the task is to assign a credit risk 

category(e.g., High Risk, Medium Risk, Low Risk) to each entity[19,20]. The model should also 

identify and output a set of risk hints that explain the reasoning behind the classification,drawing on 

the contents of Tv. 

B. Supply Chain Risk Knowledge Injection 

To imbue the generic LM with domain knowledge, we lightly-tune on a curated dataset of SC 

risk instances[21]. To do lightweighttuning,we utilize Low-Rank Adaptation (LoRA)—that modifies 

only a low-rank matrix in our setting—to update a small number of parameters and therefore can 

perform this task on limited hardware[22–24].We fix LoRA rank r = 16 and scaling factor α= 32, insert 

adapters to QKV projection and output projection of every self-attention layer of the ChatGLM3-6B 

model and train it for 10 epochs with batch size 8, using the AdamW optimizer (learning rate 

2*10−4)[25]. 

Instruction-Tuning Corpus: We construct a dataset Z={(𝑥𝑖 , 𝑦𝑖)} of 12,000 examples, where 𝑥𝑖  is 

a textual context describing a supply chain entity and its situation, and 𝑦𝑖   is the target risk 

classification along with explanatory hints[26–30]. The dataset is balanced across the three risk 

categories (High, Medium, Low). Each example is formatted using a structured prompt that 

incorporates key supply chain risk concepts (e.g., supplier concentration, geopolitical exposure).[31] 

FinLLM Choice: Our choice of base model is ChatGLM3-6B because it has good performance on 

Chinese (which applies to our dataset).open-source aspect, and compactness to balance efficiency 

against deployability and privacy of user’s data[32]. We employ the base variant without further 

dialogue finetuning. 

C. Hierarchical Reasoning Chain Construction 

Naively asking the LLMs to predict risk might lead to superficial answers[33]. FinSCRA 

decomposes the prediction task as a sequence of easier sub-tasks via wellstructured reasoning 
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chain[34–36]. We find there are three important risk hints which need to be mined out from texts. 

Risk Keywords (ℎ𝑘𝑒𝑦): A set of key terms or phrases from the text indicative of specific supply chain 

risks (e.g., “production halt,” “payment delay,” “trade sanction”). 

As shown in Figure 1, we design the following four kinds of reasoning chains for utilizing such 

hints: Single-Hint Chain (C1-C3) : Only use a single hint(e.g.,(C4): extracts each of the three hints 

separately, then concatenate them as a whole for final judgement. Cascading MultiHints Chain (C5): 

extract the hints in order,where the output of a previous (e.g., sentiment) is used to provide context 

for extracting the following (e.g., correlation).Multi-Hints Hybrid Chain (C6-C7) : A hybrid chain (i.e., 

the combination of multiple strategies, e.g., we use both sentiment and correlation together for 

guiding keyword extraction). 

 

Figure 1. Overview of the FinSCRA Framework for Supply Chain Credit Risk Assessment. 

Prompt Design and Neighbor Selection: Each chain 𝐶𝑖applies a series of templated prompts 

[37–39]. For example, the prompt for extracting ℎ𝑠𝑒𝑛𝑡 is: “Given the following financial news 

about [Entity]: {Text Snippet}. Assess the overall sentiment from a credit risk perspective. 

Choose one: Positive, Neutral, Negative.” 

To compute ℎ𝑐𝑜𝑟𝑟  , we first identify neighboring entities in the graph that are co-

mentioned in the text [40–42]. We select up to 5 direct neighbors with the highest textual co-

occurrence frequency. The prompt then incorporates this neighbor list: “The news mentions 

the following related companies: {Neighbor List}[43–45]. Which of them are described as 

having financial difficulties that might affect [Entity]?” 

Textual Context Formation: For each entity v, we construct the input text {CONTENT}by 

concatenating the titles and leading paragraphs of up to 5 most recent financial news articles 

from 𝑇𝑣 , ensuring the total length does not exceed 512 tokens. 

D. Multi-Chain Decision Fusion 

Since different reasoning paths can produce different risks because of the semantics hints, we 

propose a fuzzy rule based ensemble strategy to fuse results from multiple paths,therefore helping 

to make decision-making stronger and transparent. 
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First, the output of each reasoning chain 𝐶𝑖 is transformed into a fuzzy membership vector 𝑠𝑖

∈[0,1]𝐾  , where K denotes the number of risk categories (e.g., High, Medium, Low)[46–48]. A 

learnable mapping function 𝑓(∙) converts the raw chain output—comprising the answer 𝑎𝑖  and 

explanation 𝑒𝑖—into fuzzy membership degrees [49–51]: 

𝑢𝑖,𝑘 = 𝑓𝑎𝑖 , 𝑒𝑖)𝑘 k=1,2,...,K (1) 

Here, 𝑓 is implemented as a lightweight feedforward network trained on human-annotated 

fuzzy membership labels, ensuring alignment with domain-specific risk semantics [52]. 

Subsequently, the fuzzy outputs from all N chains are aggregated via a weighted average 

scheme: 

𝑈𝑘  =  
∑ 𝑤𝑖𝑢𝑖,𝑘

𝑁
𝑖=1

∑ 𝑤𝑖
𝑁
𝑖=1

 (2) 

where 𝑤𝑖  represents a confidence weight assigned to chain 𝐶𝑖 . These weights can be optimized 

using validation data or set uniformly if no prior preference exists [53]. 

Finally, centroid defuzzification is applied to the aggregated fuzzy set ∪= [𝑈1, 𝑈2, . . . , 𝑈𝐾]  to 

obtain a crisp risk category: 

𝐴 =  𝑎𝑟𝑔 max
𝑘

𝑈𝑘 (3) 

The fusion method does more than combine the different lines of thought to form one answer, it 

can provide an explanation about how much each line of thought contributed to that final result:thus 

enabling explainability [54,55]. 

IV. EXPERIMENTS 

A. Experiment Settings 

SCRD (Supply Chain Risk Dataset) : The dataset consists of 5,000+ Chinese listed companies with 

annotated SC relations as well as credit risk labels (High,Medium, Low) from the financial reports 

and news of period 2018 – 2023. In order to avoid temporal leakage and mimic real-world 

forecasting,we follow a hard chronological split [56,57] : Train set (2018-2021): ca. 3,000 entities (60%) 

based on documents with date no later than December 31, 2021. Validation Set (2022): ~1,000 entities 

(20%), with texts strictly from the year 2022Test Set (2023): ~1,000 entities (20%), with texts strictly 

from the year 2023. We further remove duplicate news articles that appear across different years and 

verify that no test entity has textual data overlapping with the training period. 

FinNews-Risk: This is a public dataset containing financial news articles annotated for company 

specific risk events which we use only to pre-train the hint extraction modules [58]. In order not to 

contaminate the main SCRD evaluation,we split it randomly to 80% train / 10% val / 10% test without 

overlapping entities with SCRD test . 

Evaluation Metrics: We formulate the risk prediction task as a multi-class classification problem 

and measure node-level performances by Accuracy,Macro-Averaged Precision, Recall and F1-Score. 

Implementation Details: Experiments are carried out in 4×NVIDIA A6000 GPUs with the help 

of the HuggingFace Transformers and PEFT libraries [59,60]. We set the max input sequence length 

as 512 tokens,and for each entity we concatenate at most 5 latest news articles (if any are present). 

Average inference time per entity is 2.3 sec. We shall release code and config files with the paper. 

B. Multi-Chain Decision Fusion 

We compare FinSCRA against several baselines: 

Graph-based: GFHF, SMRW, OMNI-Prop (classic label propagation on the network topology 

only). 

LLM-based: Vanilla ChatGLM3-6B, Qwen2-7B-Instruct (zero-shot and few-shot)[22]. 

Finance-specific LLM: DISC-FinLLM (fine-tuned on general finance corpus). 
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BERT+GCN: We encode each node’s text using a pre-trained BERT model, take the [CLS] vector 

as the node feature, and apply a 2-layer Graph Convolutional Network (GCN) for classification. 

GraphSAGE+RoBERTa: We use RoBERTa to generate text embeddings, which are then 

aggregated via GraphSAGE with mean pooling over neighbor embeddings. 

FinSCRA is much better than all baselines showing that combining text reasoning and network-

aware risk calculation work nicely. The LM methods do not work well without reasoning structures 

tuned for tasks, and the graph-only methods fail to capture informative textual signals. 

Table 1. Performance Comparison on SCRD. 

Model Accuracy Macro-F1 Precision Recall 

GFHF 0.543 0.49 0.502 0.4689 

SMRW 0.738 0.749 0.738 0.7615 

OMNI-P 0.727 0.735 0.727 0.7419 

ChatGL 0.326 0.271 0.174 0.3281 

Qwen2 0.523 0.474 0.21 0.5615 

BERT+ 0.782±0.01 0.776±0.01 0.781±0.01 0.773±0.010 

Graph+ 0.791±0.01 0.785±0.01 0.789±0.01 0.782±0.009 

FinSCR 0.850±0.01 0.841±0.01 0.845±0.01 0.838±0.008 

Significance & Per Class Metrics: We execute every experiment for 5 different random seed, and 

present average and standard deviation. In order to check the significance,we conduct a paired t-test 

of FinSCRA vs the best baseline (GraphSAGE+RoBERTa) over the Macro-F1 scores across seeds;is the 

improvement is statistically signifi- cant (p < 0.01).Per-class results including Precision, Recall and F1 

are presented in Table 2 belw which shows that FinSCRA significantly surpasses the baselines on 

every class,especially for the more difficult “High Risk” category. 

Table 2. Per-Class Performance on SCRD Test Set. 

Model Class Precision Recall F1 

BERT+GCN 

High 0.75 0.72 0.76 

Medium 0.79 0.81 0.8 

Low 0.8 0.79 0.8 

GraphSAGE+RoBERTa 

High 0.76 0.74 0.75 

Medium 0.8 0.83 0.82 

Low 0.81 0.8 0.81 

FinSCRA (Ours) 

High 0.86 0.84 0.85 

Medium 0.85 0.86 0.86 

Low 0.83 0.84 0.84 

C. Ablation Study 

We verify the contribution of main elements: Impact of Reasoning Chains : The use of only one-

hint chains leads to worse performances (F1 ~0.67) . The multi-hint chains lead to better results,and 

our fusion of all 7 chains performs the best (F1 0.8405) which confirms that different perspective of 

reasoning is valuable; Fine-tuning Effect: using prompt-tuning v2, or the base model w/o fine-tune 

instead of Finetuning LoRA leads to big loss on performances(F1 drop more than 25%);) that proves 

to be effective in injecting the knowledge of the domain. Effect of Hints: Without the hint extraction 

step (direct classification) our method loses explainability as well as accuracy, indicating that the 

intermediate reasoning steps help provide a hand for guiding the model. 

D. Case Study 
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We give an example explaining the cascade risk contagion from a largest consumer of batteries 

for cars (Company A) to its biggest battery lithium supplier (Company B) in 2023. When inputting 

recent news (i.e., production delay due to the shortage of supply chain of Company A) to FinSCRA, 

it reveals through its explanation graphs that (1) there is an upcoming product (P1) by Company A 

and it is crucial to all the markets of Company A (i.e., for Company A’s products, they are unable 

to sell without P1 from Company A’s suppliers); (2) there is a limited time budget for acquiring P1; 

(3) the raw resources (i.e., P2) of P1 is produced by Company B, which mainly rely on import (i.e., P2 

produced by its domestic factory and imported from Company C); (4) Company C just now faced 

economic pressure from another industry (i.e., it need to invest in P3); (5) and there are just five days 

left for producing P2 from Company C. ℎ𝑠𝑒𝑛𝑡: Negative. 

ℎ𝑐𝑜𝑟𝑟: Strong (explicit mention of Supplier B as the cause). 

ℎ𝑘𝑒𝑦: {production delay, bottleneck, supply shortage}. 

Although the cascading chain reasoning went through the negative sentiment to reason by the 

correlation, then identified the specific risk keywords, finSCRA made its risk score of Company B 

High several days ahead of Company B itself revealing financial distress, indicating finSCRA’s 

capacity of providing earlier warning. 

V. CONCLUSIONS AND SUGGESTIONS 

In this paper, we presented FinSCRA, an algorithmically structured reasoning framework that 

integrates finetuned FinLLMs with multi-chain prompting to perform interpretable node 

classification in text-attributed graphs. The core of our approach lies in its hierarchical reasoning 

design,which breaks down the inference process in textand topology-wise sub-processes, and a 

parameter-efficient adaption method to bridge the gap between LLMs and the knowledge-driven 

logical reasoning rules. 

Although FinSCRA can be applied for any domain with graphs associated and textual 

information, we test our model on a case study dealing with supply chain networks,where entities 

are related by financial relationship, and described with rich texts reports. Experiments on the real 

world supply-chain risk dataset show that our approach is superior to existing baseline,checking 

whether it can use the structure as well as language for reasoning in a correct and explainable way. 
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