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Abstract

In today’s data-driven business environment, small and medium-sized enter-
prises (SMEs) struggle to implement effective knowledge management (KM)
due to limited financial, technical, and human resources. This study proposes
an intelligent KM framework that integrates large language models (LLMs),
that is, BERT-based models and knowledge graphs (KGs) to support account-
ing and supply chain decision-making in SMEs. Using a medical device man-
ufacturer as a case enterprise, unstructured texts from accounting vouchers,
ERP operation logs and supply chain records are collected, cleaned, anony-
mised, and manually annotated with entities and relations via Doccano. An
end-to-end architecture based on BERT is adopted: for named entity recogni-
tion (NER) two models (BERT + CRF and BERT + BiLSTM + CRF) are trained,
while for relation extraction (RE) two models (BERT and BERT + BiLSTM) are
compared. Experimental results show that BERT + BiLSTM + CRF achieves
the best NER performance (Precision 0.73, Recall 0.76, F1-score 0.74), and
BERT attains superior RE performance (Precision 0.69, Recall 0.80, F1-score
0.74). The optimal models are then used to automatically construct RDF-like
entity-relation-entity triples, which are stored and visualized in the Neo4j Aura
cloud graph database via Py2neo. The resulting enterprise KG supports seman-
tic querying, knowledge discovery, and interactive Q&A for accounting and
supply chain tasks, and can be further leveraged for personalized training and
internal audit support. The findings demonstrate that an LLM-enabled KG ap-
proach can provide a cost-effective, scalable KM solution for SMEs, while also
highlighting challenges related to data quality, computational resources, and
ongoing KG maintenance.
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1. Introduction

In today’s data-driven decision-making era, efficient knowledge management
(KM) has become a key factor for enterprises to maintain competitiveness, par-
ticularly for small and medium-sized enterprises (SMEs) (SIMA et al., 2022;
Durst, Edvardsson, & Foli, 2023). How to effectively manage knowledge assets and
enhance decision intelligence under limited financial and human resources has
become a critical issue for sustaining competitive advantages. Leveraging its
strengths in semantic integration, intelligent retrieval, and knowledge representa-
tion, KM is widely applied in key business scenarios such as accounting and sup-
ply chain management for large enterprises, significantly improving the efficiency
of information acquisition and utilization (Puspita & Pramono, 2019; Eslami et
al., 2023; Dehshiri et al., 2024; Theuma, Hayak, & Khdour, 2025). However, con-
strained by limited funding, technology, and human resources, SMEs face practi-
cal challenges in constructing and applying knowledge graphs, including high
costs, complex construction, and intricate maintenance (Koliby et al., 2025).

The rapid advancement of large language models (LLMs) in recent years has
opened new possibilities for building intelligent knowledge graphs (KG) (Hu, Liu,
& Dai, 2024). LLMs, with their robust natural language understanding and gener-
ation capabilities, can efficiently extract and organize unstructured data, thereby
enhancing the automation and accuracy of KG construction. Current research
primarily focuses on KM systems in large enterprises or specific industries (e.g.,
healthcare, legal, finance), emphasizing the impact of KM on performance im-
provement and competitive edge (Plessis & Toit, 2006; SIMA et al., 2022; Li et al,,
2024; Pisoni, Molnar, & Tarci, 2024; Mukarram et al., 2025; Pereira & Fernandes,
2025).

However, research on knowledge collaboration in two core enterprise do-
mains—supply chain and accounting—remains insufficient, lacking a systematic
theoretical and methodological framework. Existing solutions face limitations in
feasibility and portability due to SMEs’ often incomplete data governance systems
and inadequate digital infrastructure, making direct application challenging. This
study therefore focuses on exploring how to leverage the natural language pro-
cessing (NLP) capabilities of large language models and the structured represen-
tation advantages of knowledge graphs to develop an intelligent KM framework
tailored for SMEs. The research selects accounting and supply chain as KG con-
struction and validation scenarios, utilizing text information extraction, relation-
ship identification, and graph visualization technologies to achieve intelligent
transformation of knowledge from fragmented texts into systematic knowledge

bases.

2. Literature Review
2.1. Analysis of the Effect of KG on LLM

In corporate financial management, KM has long been a key strategy to enhance

decision-making efficiency and employee competency. However, enterprises face
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three major challenges: fragmented information that is difficult to integrate and
standardize; difficulties in retrieving accounting knowledge due to limitations in
search algorithms, inconsistent data formats, and information fragmentation,
which may result in redundant, error-prone, or misleading results; and the lack of
effective internal KM mechanisms, making new employee training particularly
challenging.

To address these issues, Chen & Sun (2024) conducted a study on the tobacco
industry, employing NLP technology to develop a KM platform tailored for cor-
porate accounting. Their research utilizes Neo4j’s high-performance graph data-
base technology to construct an accounting KG, integrating fragmented infor-
mation from multiple channels into a unified knowledge system that achieves
comprehensive coverage of accounting knowledge. The study demonstrates that
the application of this KG achieves over 80% accuracy, effectively supporting fi-
nancial and tax professionals in acquiring relevant knowledge while enhancing
work efficiency and quality. This finding validate the effectiveness of LLM in
building KM platforms based on KG, offering valuable insights for SMEs in
knowledge management. However, it possesses more resources to implement and
maintain KM systems as the research focuses on large enterprises with greater
technical, financial, and human resource advantages compared to SMEs. SMEs
must consider factors such as cost, time investment, and long-term maintenance
when establishing KM platforms based on KG.

Zhao et al. (2024) introduced the KM framework AGENTiGraph for natural
language interaction to enhance KG-user interaction efficiency. The framework
integrates knowledge extraction, integration, and real-time visualization to im-
prove user experience, and comprises seven agents that convert natural language
into structured graph operations. Additionally, it provides a pre-designed func-
tional framework to support diverse user needs in KG interactions and explora-
tion. Experimental evaluations showed the framework achieved 95.12% accuracy
in question classification and 90.45% in question execution, with user surveys
demonstrating strong applicability in cross-domain KM tasks. However, the study
did not explicitly address how data type diversity (combining structured and un-
structured data) impacts system performance, nor did it validate the framework

in high-context-dependent fields like accounting or supply chain management.

2.2. Leveraging Knowledge Graphs and Large Language Models
for Knowledge Management in SMEs

A growing body of research is dedicated to developing efficient and cost-effective
KM solutions, particularly through the integration of KGs and LLM. This ap-
proach addresses the challenge faced by SMEs in adopting high-cost technologies

due to limited resources.

2.2.1. Application of KG for Supply Chain KM
Mo et al. (2023) introduced an innovative and cost-efficient KM solution that in-

tegrates knowledge graphs (KGs) with Al techniques, combining Neo4j with
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LLM-powered visual systems to support KM activities. This groundbreaking so-
lution leverages cost-effective LLM visual processing technology and KG integra-
tion to achieve powerful KM and recommendation capabilities, aiming to revolu-
tionize data interpretation and decision-making processes in SMEs’ supply chains,
particularly in manufacturing, enabling real-time and informed operational
choices. SMEs can ensure cost savings by leveraging the system’s flexibility and
KG insights. However, the study primarily focuses on visual recognition data and
has not yet delved into text knowledge extraction and semantic reasoning capa-
bilities.

Mansfield et al. (2021) utilized UML, a widely adopted ontology modeling tool
for constructing KG and facilitating effective communication, which is sufficiently
abstract to be comprehensible to users. This study addresses challenges faced by
SME:s in adopting semantic technologies to organize and leverage their data, in-
cluding issues such as insufficient human and financial resource allocation, lack
of comprehensive data governance policies, and organizational resistance to new
practices and knowledge. However, the article does not discuss practical methods
for creating knowledge graphs using LLM, and the semi-automated ontology con-
struction method remains time-consuming despite achieving high accuracy levels.

Galkin et al. (2017) introduced the concept of Enterprise Knowledge Graph
(EKG) and defined its position within ERP architecture. As a carrier integrating
corporate supply chain and financial information, ERP systems also achieve the
function of connecting supply chain and financial operations (Lukyanova, Had-
dud, & Khare, 2022, Halimuzzaman & Sharma, 2023). EKG occupies an interme-
diary position between the original enterprise data storage layer and the ontology
mapping layer. The ontology mapping layer contains a set of ontologies that pro-
vide mapping relationships between knowledge graphs and ontologies. The study
proposes an independent evaluation framework for comparing current KM solu-
tions with EKG integration. Observations indicate that current state-of-the-art
methods fail to fully support EKG, meaning no KM solution can simultaneously
meet all the evaluation dimensions of EKG functions. This can be understood as
the reality of extending traditional data architectures to semantic data architec-
tures as fully customized enterprise tools being impractical in practice. While this
study explores KM based on KG, successfully marring KG with ontologies con-
ceptually and defining role of KG in ERP architecture, the KM solutions presented
employ diverse KG creation techniques. Although one solution incorporates NLP,
it lacks in-depth analysis of cutting-edge technologies and their practical effects,
such as addressing potential ambiguities in KG. Consequently, the research pri-
marily focuses on examining user experience, data quality, and the conceptual im-

plementation of this integration within existing KM solutions in ERP architecture.

2.2.2. Application of KG for Accounting KM
Chen & Wang (2025) explored an automated accounting KG construction method
integrating GPT-4 and prompt engineering. The results demonstrated that this

model successfully extracts rich knowledge pentuples from large volumes of un-
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structured accounting data, enabling the construction of accounting knowledge
graphs that lay the foundation for querying and visualizing knowledge. This study
proves the feasibility of BERT-based accounting KG construction, significantly
improving efficiency. However, the generalization capability of the model for
non-standard documents (e.g., work notes) in real-world accounting practice re-
quires further validation, since experimental data primarily consisted of standard-
ized legal texts. Additionally, while the pentuple knowledge structure is more de-
tailed and clear, it may require greater storage space, posing challenges for SMEs
with limited IT resources.

To support knowledge application in accounting tasks such as bookkeeping,
Schulze et al. (2022) proposed a process for constructing and enriching KG for
accounting from heterogeneous accounting resources. The feasibility of this ap-
proach was demonstrated through practical application using real corporate data.
A series of prototype knowledge services were implemented, including recom-
mending similar accounting cases to accountants by harnessing the accounting
knowledge graph. The study revealed that using semantically rich data from the
knowledge graph yields better results compared to non-semantically enriched
data. A key highlight of this research is the diversified data sources in the KG,
enabling experimental scenarios to closely resemble real-world accounting prac-
tices. However, the study did not employ LLM-based architectures for KG for-
mation, limiting its reference value.

In conclusion, existing research highlights the strong potential of knowledge
graphs and large language models in KM. Nevertheless, three gaps remain in the
context of small and medium-sized enterprises (SMEs):

1) Lack of portability and cost-benefit verification for low-resource enterprises;

2) Multi-focus vision or structured data, lack of unstructured text processing
mechanism;

3) Current research primarily focuses on sectors like healthcare and law, while
empirical studies on the integration of accounting and supply chain applications

remain limited.

3. Research Method
3.1. Research Design

Rather than developing new deep learning architectures, this study employs a ma-
ture BERT-based LLM for unstructured information extraction and uses Neo4;j to
construct the KG. This integrated approach enables the study to meet its research
objectives and substantially improves decision-making efficiency in the largely
underexamined areas of SME accounting and supply chain management.

The study generally follows three phases:

1) Data preprocessing: A medical equipment manufacturer is selected as the
SME case study, whose accounting and supply chain business documents is col-
lected and used the text data as the input dataset, followed by data annotation and

merge conversion. The output dataset serves as the training data for the models,
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enabling automatic extraction of entities and relationships from the text in subse-
quent stages;

2) Model training: First, training parameters are configured, while the training
dataset is delivered from the previous stage to the model training tasks, namely
the Entity Recognition (NER) architecture and the Relation Recognition (RE), in
order to implement text entity and relation judgment and prediction. Each model
includes two different combinations of models using BERT as the embedding
layer, aiming to identify more accurate models based on the automatic extraction
indices of entities and relations calculated during model training, to be used for
the next phase of KG formation;

3) KG creation: Entities and relationships are identified, extracted and pre-
dicted, predict relationships by integrating the real data set and using a relatively
accurate NER model and a RE model, so as to build triple entity-relation-entity,
and finally connect with Neo4j to store the knowledge graph for visualization and
query.

The proposed framework utilizes deep learning algorithms to identify, predict,
and extract textual entities and their relationships through exploratory and devel-
opmental innovation in KM, hence constructing a KG-based repository. The ac-
curacy of each model is evaluated through BERT series model training, with pa-

rameters calculated by comparing the results against manually annotated data.

3.2. Baseline Models

This research harnessed end-to-end method, by which NER and RE tasks are im-
plemented independently.

3.2.1. NER Model
This study considers two supervised methods as candidate NER models, which
will be evaluated in terms of prediction accuracy. Specifically, the model training
is implemented using the PyTorch framework, with evaluation metrics being gen-
erated and the optimal model being saved. Then the outperformer will be selected
as the baseline method for NER. This is discussed in Section 4.2. These candidate
methods are outlined below.

BERT + CRF

In this composite model architecture (see Figure 1 and Appendix), the BERT
layer serves as a feature extractor responsible for capturing rich contextual seman-
tic features, while the CRF layer acts as a decoding layer to optimize label transi-
tion probabilities and enhance entity recognition accuracy. Currently, models like
BERT-CRF and BERT-Bi-LSTM-CRF are widely adopted as baselines for many
named entity recognition tasks, achieving excellent performance. This is largely
attributed to BERT’s powerful contextual representation capabilities, simplified
feature engineering, cross-domain generalization ability, and rapid model adap-
tation, which have been extensively applied in NLP tasks (Devlin et al., 2019). Ad-
ditionally, the NER model employs a sequence annotation approach supporting
multiple annotation schemes (e.g., BIO, BIOES), enabling integration with BERT-
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based machine learning frameworks (Zhu et al., 2020; Park et al., 2022).
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Figure 1. BERT + CRF model.

The output from the BERT layer is then fed into the Conditional Random Field
(CREF) layer. Sequence-based named entity recognition methods typically employ
models like BERT to encode text token sequences, followed by final label deter-
mination through CRF. The CRF layer optimizes annotation results by consider-
ing word relationships within sentences and transition probabilities between la-
bels (Sutton & McCallum, 2012). This allows the CRF layer to correct errors in
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initial word classification by leveraging adjacent word labels. In this study’s case,
the CRF layer recognizes that “Debit” typically appears between accounting items
and monetary amounts, thereby increasing the probability of correct labeling.
CRF ensures generated label sequences adhere to the B-I-O tagging rules, prevent-
ing invalid sequences. Consequently, scaling the CRF learning rate by a factor of
100 significantly improves model performance, demonstrating that CRF requires

a higher learning rate than BERT, and that increasing the learning rate enhances
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Figure 2. BERT + BiLSTM + CRF model.
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BERT + BiLSTM + CRF

In this composite model architecture (see Figure 2 and Appendix), both the
BERT and CRF layers retain the same functionalities as the previous BERT + CRF
model. Its unique advantage lies in integrating BILSTM capabilities, enabling it to
learn features of each word in sentences from two directions. It effectively main-
tains information flow across long sequences with specialized memory cells, ulti-
mately accurately identifying named entities based on contextual information. This
bidirectional contextual understanding combined with robust label sequence mod-
eling allows BILSTM + CRF to outperform standalone LSTM or CRF models in ex-
tracting and classifying technical terms in texts (Huang, Xu, & Yu, 2015). In the
case of the study, the BI-LSTM-CRF model can simultaneously consider contextual
information such as the business activity “Purchase Invoice CGRK20230718003”
and the accounting subject name “Raw Materials” when processing the accounting
code “10302”. After this step, the model generates preliminary classification results
for each word—for example, “10302” might be identified as ACCOUNTCODE,
“Purchase Invoice CGRK20230718003” as BUSINESSACTIVITY, and “Raw Ma-
terials” as ACCOUNT. Meanwhile, the CRF layer ensures consistent entity tag-
ging across the entire sequence, preventing account names from being mislabeled

as product names.

3.2.2. RE Model
This study considers two supervised methods as candidate RE models, which will
be evaluated in terms of prediction accuracy. Specifically, the model training is
implemented using the PyTorch framework, with evaluation metrics being gen-
erated and the optimal model being saved. Then the outperformer will be selected
as the baseline method for RE. This is discussed in Section 4.2. These candidate
methods are outlined below.

BERT

In entity relation extraction tasks, the input typically consists of a sentence re-
quiring judgment and two entities. A common embedding method involves cal-
culating positional vectors of the two entities within the sentence to annotate
them. First, a multi-label classification model is used to determine the types of
relationships in the sentence, identifying how many relationships exist in a single
statement. Second, the sentence and its predicted relationship types are fed into a
sequence labeling model. For example, if the sentence predicts three relationships,
it is split into three samples. Next, entity recognition is performed to identify en-
tities based on the sequence labels. Finally, combining the predicted relationships
and entities, a triple (entityl, relation, entity2) is generated. Taking the example
in this study: an input sentence like “ERP system notification will be sent to the
warehouse staff” and a pair of entities identified through NER tasks, such as “ERP
system notification” and “warehouse staff”’. The output is the semantic relation
triple between entities (“warehouse staff”, “recipient_of”, “ERP system notifica-

tion”).
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Figure 3. BERT model.

DOI: 10.4236/0jbm.2026.141038 637 Open Journal of Business and Management


https://doi.org/10.4236/ojbm.2026.141038

Y. X. Zheng

lTaxt Input (

Feature
Splicing

/' Entity-

~ Relation Set

Figure 4. BERT-BiLSTM model.
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In this study’s RE model (see Figure 3 and Appendix), special tags are applied
to entities in the input layer, providing boundary and positional information for
each entity pair. Meanwhile, the BERT layer not only adds relative position en-
coding to the text to enhance dependency understanding but also utilizes entity
pair embedding and [CLS] sentence separators. This approach captures both sen-
tence-level features and semantic features of entities, significantly improving
model performance (Giorgi et al., 2019; Wu & He, 2019). Unlike NER models,
CREF is not introduced here, as relation extraction is typically considered a sen-
tence-level classification task.

BERT + BiLSTM

The model is the hybrid of BERT, BILSTM, and attention mechanisms (see Fig-
ure 4 and Appendix). BILSTM + Attention stands as a cornerstone structure in
relation classification tasks, renowned for its robust contextual modeling capabil-
ities and strong interpretability. It serves as a crucial foundation for developing
sophisticated deep relational extraction systems. Here, BERT delivers powerful
text representation through context-aware word vectors, BILSTM extracts contex-
tual information, while Attention mechanisms prioritize key entities by assigning
weighted importance to relevant terms (Zhou et al., 2016; Wei, Xu, & Hu, 2021).
This study innovatively optimizes the attention layer into a pooling attention
mechanism. With the max-pooling or average-pooling operations, the model ag-

gregates attention weights to enhance feature recognition capabilities.

3.2.3. Model Configuration

This study defines a series of hyper-parameters to configure the training process
of an NLP model based on BERT + BiLSTM + CRF (Table 1). Thereby, the
experiment adopts a typical two-stage optimization setup used in the NLP tasks.
The parameters that are set for both NER and RE tasks are outlined in the Table

1. It is noted that the BERT component uses a relatively small learning rate (3e—5)

Table 1. Model configuration parameters.

T Task
Parameter \\\\\\ NER RE
Max_seq_len 256 256
Epochs 50 50
Train_batch_size 24 24
Dev_batch_size 12 12
Bert_learning_rate 3e-5 3e-5
CRF_learning_rate 3e-3 -
Adam_epsilon le-8 le-8
Weight_decay 0.01 0.01
Warmup_proportion 0.01 0.01
Save_step 20 20
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to fine-tune the pre-trained model, while the CRF layer employs a large learning
rate (3e—3) to rapidly converge the sequence labeling head. An Adam optimizer,
L2 regularization strategy and linear warming mechanism are also integrated into
the model so as to improve the stability. To mitigate the risk of overfitting, a com-
bination of the weight decay for restricting weight norm, the warm-up mechanism
ensuring smooth start and the appropriate batch sizes forming a complete regu-
larization system is deployed. Notably, the design of decreasing batch sizes (train >

dev) is commonly used for stable training in resource-constrained scenarios.

4. Research Process & Implementation

4.1. Data Pre-Processing

Source: Take a small and medium-sized enterprise in medical device manufac-
turing as a case, collect its accounting and supply chain related texts (such as
voucher/document description, ERP operation instructions, purchase/sales rec-
ords, etc.).

Data cleaning: Remove elements that are irrelevant to the field or involve pri-
vacy (names, addresses, etc.), and categorize them by business domain (such as
“supply chain-sales”, “finance-vouchers”, “ERP-purchasing”).

Annotation Tools and Formats: After data cleaning, we utilized Doccano—a
machine learning text annotation tool—to generate two types of labels: entity tags
and relation tags. Each text was manually annotated by adding tags to describe
entities and relationships, forming triplets of entities and relations for the LLM to
generate target responses. Figure 5 and Figure 6 demonstrate an example of text
content annotation, triplet extraction, and the corresponding JSONL format
scripts for entities and relations. Finally, the Python command “merge_jsonl_files()”
was used to merge all annotated files into a unified dataset.

The processed data set is sectioned into two subsets based on the ratio of 8:2,
that is, 80% of the data (training subset) is exploited for model training, and the

rest is the held-out set aiming for model accuracy evaluation.

Notify via E..

notification: ERP system (Account Set 031) message & automatic email sent to Wuhan Factory
«ERP Notifica... Other Releva...

Commerce Dep.

Describe Progress
Describe
Total 15
6. Beijing headquarter procurement- Wuhan warehouse keeper : the products on customer sales
Pracess No. +Person in Ch... +Task Complete 15
orders placed by Beijing headguarter are internally purchased and transferred from Wuhan
Label Types ~
factory,ensuring that sales revenue is correctly accounted to Beijing accounts. Process completion
1B span

o G ©
ERP Notification Flow Process No.
Other Relevant Person

Figure 5. Text content annotation.
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type"”:"Undertake”}], "Comments™:[]}

15 {"id":268,"text":"6. Beijing headquarter procurement- Wuhan warehouse keeper : the products on customer sales orders placed by Beijing headquarter are
internally purchased and transferred from Wuhan factory,ensuring that sales revenue is correctly accounted to Beijing accounts. Process completion
notification: ERP system (Acdount Set @31) message & automatic email sent to Wuhan Factory Commerce
Dep.","entities”:[{"id":723,"1label":"Process"”, "start_offset”:3,"end_offset™:34},{"id":724,"label": "Process
No.”,"start_offset”:8,"end_offset”:3},{"id":725,"1abel": "Person in
Charge”,"start_offset”:36,"end_offset":58},{"1d":726,"label": "Task","start_offset":61,"end_offset”:260},{"id":727,"label": "ERP Notification
Flow","start_offset”:295,"end_offset”:349},{"id":728,"label": "Other Relevant
Person™,"start_offset”:358,"end_offset”:384}], "relations™:[{"id":568, "from_id":727,"to_id":728, type”:"Notify via
ERP"},{"id":569,"from_id":724,"to_id":723,"type":"Describe"},{"id":57@,"from_id":726,"to_id":723,"type":"Describe"},{"id":571, "from_id":725,"to_id":723,"

Figure 6. JSONL format scripts for entities and relations.

4.2. Model Training and Evaluation

An end-to-end where both NER and RE each contained two LLM-BERT-based
models is employed in model training phase, which aims to evaluate the perfor-
mance and accuracy of each model, identifying the most effective one for the sub-
sequent KG creation. Metrics such as Precision, Recall, and F1-score are used to
assess the performance of the four baseline models. Higher values indicate better
model performance. This section presents the model performance on the cleaned
dataset compared to the baseline models, with all metrics displayed as weighted
average scores calculated based on sample size for each category, as outlined in
Table 2.

Table 2. Model evaluation performance.

— Metrics

Model ,, Precision Recall F1-score
NER - BERT + CRF 0.66 0.74 0.69
NER — BERT + BiLSTM + CRF 0.73 0.76 0.74
RE — BERT 0.69 0.80 0.74
RE — BERT + BiLSTM 0.65 0.76 0.70

Just as shown in Table 2, all the BERT and its portfolio models in the study
render good performance regarding NER and RE tasks, with all metrics figures
stand above 50%. Comparing the NER model evaluation results, the BERT-based
hybrid model BERT + BiLSTM + CRF outperformed most sample prediction
tasks, resulted in evidently higher rates for all of the three metrics Precision (0.73),
Recall (0.76) and F1 (0.74) than the other NER model with Precision (0.66), Recall
(0.74) and F1 (0.69) (see Table 2 & Figure 7). Regarding the RE models, the sole
BERT model did better on the held-out set than the model BERT + BiLSTM (see
Table 2 & Figure 8). As the former obtained relatively greater metrics for Preci-
sion (0.69), Recall (0.80) and F1 (0.74) than those of the latter.

In model selection, the system automatically evaluates performance on the
held-out set during training and retains the model with the highest F1 score. Based
on the SMEs in the knowledge economy context, the final model selection must
balance accuracy and completeness—ensuring minimal omission of entities and
relationships—where all three metrics carry equal weight. According to the anal-
ysis above, the NER model BERT + BiLSTM + CRF and the RE model BERT are

chosen to perform the construction of KG.
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4.3. Knowledge Graph Construction

In this experiment, the industry-leading cloud database service Neo4j Aura is har-
nessed to visualize and manage the KG. The collected data will be imported into
the Neo4j graph database, which can effectively improve data readability and an-
alytical efficiency. The graph not only comprehensively presents the knowledge in
accounting and supply chain of SMEs studied in this paper but also helps us iden-
tify patterns in the data, providing key insights for optimizing decision-making.
In addition, Py2neo tool is applied to attempt seamless integration between
Neo4j, databases, and software. This tool supports Python-based automation for
updating knowledge graphs in Neo4j, perfectly aligning with our proposed auto-

mated configuration solution. The KM system is dedicated to optimizing leakage
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detection processes across various products. The core component is a BERT-based
RE and NER predictor that seamlessly interfaces with the cloud-based Neo4;j
graph database. The formation of the KG primarily involves three phases, partic-
ularly suitable for automated end-to-end workflows requiring joint cooperation
of NER and RE tasks, as detailed below:

1) Configuration—The pre-training models are loaded and the environment pa-
rameters are configured simultaneously, in order to process the input text to meet
the requirements of the model, and finally carry out inference and prediction;

2) Prediction—NER and RE predictors are utilized to predict entities and rela-
tionships in the input text, followed by the entities extraction processes—truncate
sentences > add special markers > convert to ID sequences > pad to fixed length.
The processed data is fed into the preloaded BERT + BiLSTM + CREF structure
NER model for decoding for prediction of pairwise relationships, requiring addi-
tional input of head and tail entity information to assemble into an input format
suitable for the RE model. These are finally encapsulated into a unified interface
for external calls;

3) Construction—The prediction resulted from the previous phase are im-
ported into the Neo4j graph database to build a KG by employing Py2neo. The
process involves parsing entities and relationships from the imported data, creat-
ing corresponding entity nodes and relationships, and recording the import

count.

4.4. Result & Analysis

The results of this study show that the structured text information in JSON for-
mat, namely entities and relationships, which are inferred and recognized by LLM,
are converted into nodes and connecting lines in Neo4j graphs by using Py2neo.

The links and constructions between them generate RDF-like triple-form KG, lay-

ing the foundation for knowledge querying and visualization. Specifically, each

node represents subjects or objects, with each connecting line being predicates.

The graph also has the following two characteristics, further enhancing the accu-

racy of it:

o Node uniqueness guarantee: The merge() method checks for duplicate nodes
using the composite primary key (label + name), ensuring no duplicate crea-
tion;

 Directionality: Clearly distinguish between source nodes (from_id) and target
nodes (to_id) to align with directed graph semantics.

After completing the schema construction, Neo4j’s built-in visualization tools
enable direct database connection for dynamic data presentation. Specific entities
and their associated relationships can be rapidly retrieved through Cypher queries
in Neo4j. The platform supports node relationship queries. Taking the “Purchase
Receipt” entity as an example, the Cypher query results (Figure 9) demonstrate
multi-entity relationships, revealing links among accounting entities and a supply

chain entities. The yellow nodes represent accounting entities with the remaining
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nodes being those of supply chain. This visual representation clarifies complex
networks, facilitating quick identification of interconnections between SMEs’ ac-

counting entities and key supply chain components.
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Figure 9. Knowledge graph visual query on Neo4;.

5. Discussion

The training and evaluation results demonstrate that the models achieved com-
petitive performance in both NER and RE tasks. The precision levels of the models
employed in KG construction reached approximately 70%, with F1-scores as high
as 74% and recall rates reaching 80%. This is attributed to BERT for the effective
handling of multi-structure contexts, and BiLSTM for the enhanced text learning
capabilities, precise input labeling, and the deeper semantic understanding ena-
bled by CRF and attention mechanisms, all of which collectively improve predic-
tion accuracy. The evaluation results demonstrate that LLM-based KG creation
can effectively and accurately identify entities and relationships. With the robust
capabilities of the LLM models, this approach not only lays the foundation for
accurate accounting and supply chain KG systems, but also has potential for cost-
effectiveness (e.g. reduced manual effort) in KM realization for SMEs because of

the automation of KG formation harnessing cost-saving and open-source imple-

DOI: 10.4236/0jbm.2026.141038 644 Open Journal of Business and Management


https://doi.org/10.4236/ojbm.2026.141038

Y. X. Zheng

mentation tool PyTorch that makes creating and training the models flexible and
simple. Furthermore, the interaction between LLM and KG is not one-way but
mutually reinforcing. Current research indicates that LLMs exhibit limitations in
accounting, particularly in reasoning capabilities. KG can compensate for these
deficiencies, thereby establishing a foundation for developing specialized models
in the accounting domain (Zhong, Chen, & Wang, 2024).

The knowledge on accounting and supply chain for SMEs is effectively man-
aged, facilitating knowledge organization, discovery, and sharing. In many cases,
SME:s faces the issues of data quality and inconsistency encountered with the ERP
and accounting and supply chain texts, such as fragmented data sources, terms
and concepts that needs explanation for new users and lack of knowledge transfer
(e.g. mentoring). By regularly collecting and updating data from multiple author-
itative internal and external sources, the system automatically stores data into a
KG to ensure accuracy and timeliness. The search function of KG enables ac-
counting and supply chain personnel to quickly identify relevant information.
Leveraging relational information in the financial and tax knowledge graph, it
promotes connections between different financial, tax, and supply chain knowledge,
uncovering potential correlations and providing a more comprehensive knowledge
perspective. Knowledge sharing and collaboration are achieved through the KG
capability, enhancing knowledge exchange among team members and significantly
improving the efficiency and effectiveness of KM.

Moreover, KG significantly enhances the accuracy and timeliness of financial
and supply chain information queries. This study evaluates and tests questions
regarding information inquiries, yielding precision metrics. The findings can be
applied in KG-based KM systems, enabling users to receive personalized financial
management and compliance recommendations while boosting automation in
corporate internal audits and risk control. An interactive KM system calculates
candidate answers based on content similarity. The most matching answer is then
selected and delivered to financial and supply chain personnel for final resolution.
This provides intelligent search and Q&A capabilities, ensuring staff can swiftly
access accurate relevant knowledge and improve efficiency in accounting and sup-
ply chain information queries.

Also, systematic and personalized training for accounting and supply chain
professionals with the assistance of KG, enhancing learners’ motivation and prac-
tical application skills while improving knowledge transfer efficiency. The SME-
focused financial and supply chain KG constructs tax and accounting frameworks
covering regulations, accounting principles, and supply chain operations. It visu-
ally represents entities (business units, accounting items, documents), attributes
(definitions, scopes, update dates), and relationships (dependencies, inclusion
rules), making complex knowledge instantly understandable. Customized train-
ing pathways are developed based on roles, experience, and educational back-
grounds of employees. The relationships of KG enable targeted recommendations

of specialized knowledge points, ensuring precise training delivery. Real-time up-
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dates maintain the relevance of the graph, guaranteeing employees access to the
latest tax and financial information. A notification system promptly alerts staff
about critical updates. Finally, interactive learning tools are created using the KG.
Employees can explore nodes to gain in-depth understanding, while interactive
Q& A sessions ensure effective knowledge transfer.

In addition, graph databases like Neo4j are gaining increasing industry traction
due to their exceptional capabilities in processing complex data and simplifying
data analysis and visualization. The platform’s reliability and secure architecture
ensure both accessible and protected data. As another key advantage of cloud ser-
vices, Neo4j Aura offers cost-effectiveness. The cloud service model requires no
substantial infrastructure investment and little subscription costs, making it af-
fordable even for SMEs with limited budgets, offering cutting-edge database solu-
tions within reach and allowing SMEs to adopt advanced technologies without
heavy capital expenditure. More importantly, it enables high-quality outcomes at
reduced costs. SMEs can effectively ensure product quality and customer satisfac-
tion—crucial for success in highly competitive markets by utilization of system
flexibility and intelligent KG analytics (Mo et al., 2023).

6. Conclusion

This study employs BERT-based LLM to conduct in-depth research on KG and
KM for SMEs in the accounting and supply chain sectors, while automating the
acquisition, organization, and updating of relevant data for SMEs’ accounting and
supply chain KM, thereby constructing KG applying implementing LLM-based
automation. First, unstructured data undergo intelligent processing. Subsequently,
hybrid models based on BERT for NER and RE are developed, tested, and evalu-
ated. These models are deployed to construct KG, intelligently capturing and pre-
senting knowledge with an F1-score exceeding 70%. The NER and RE models au-
tomatically constructs “entity-relation-entity” RDF triple structures from pro-
cessed texts, mapping entities and with their interrelations. The knowledge de-
rived from LLM analysis is then stored and visualized as a KG using Neo4;j, a high-
performance and cost-effective graph database. This KG construction approach
provides both technical and practical foundations for developing an LLM-enabled
KG-based KM system.

The findings of this study effectively empower users to access knowledge in an
intelligent, efficient, professional, and streamlined manner, significantly enhanc-
ing work efficiency and quality. This research provides a possible scholar support
for a knowledge-learning solution that enhances the “intelligence” of KM through
extensive human-assisted and machine-driven Q& A learning. The semantic search
capabilities of the KG enable an interactive system integrated with cost-effective
yet high-performance graph databases like Neo4j. This will optimize information
retrieval efficiency, providing employees with knowledge aggregation, real-time
updates, precise searches, and Al-powered Q& A support. Additionally, the KG

will be utilized to develop a training platform offering intelligent training for new
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employees, accelerating knowledge transfer and learning. In summary, SMEs can
gain deep insights into their operational processes, make informed decisions, and
thrive in the rapidly evolving digital economy via harnessing the powerful capa-
bilities of LLM and KG technology.

KG holds significant value for promotion as KG-enhanced models improve un-
derstanding of accounting terminology, supply chain policies, and industry-spe-
cific knowledge, enabling more accurate support for tasks such as information
extraction, document review, and risk identification, thereby achieving more pre-
cise retrieval capabilities. This study provides a data foundation for optimizing
KM frameworks for SMEs and paves a new path for efficient construction and

mining in the KG domain.

7. Limitation

The limitations are as follows:

- Resource consumption: BERT model pre-training requires a large amount of
computing resources and high hardware requirements;

- Data dependency: BERT model requires a sufficiently large annotated dataset
for fine-tuning to achieve optimal performance. Moreover, the construction of
KG depends on the quality and comprehensiveness of the initial data. If the
data is biased or insufficient, it may affect the accuracy and reliability of the
graph;

- Black box characteristics: The pre-training process of BERT model is relatively
opaque, and the model is less interpretable than the traditional model based
on rules;

- RE model: It cannot extract multiple triples simultaneously (unable to handle
triple overlap issues), has fixed input length (unable to adapt to long text rela-
tionships for cross-sentence reasoning), is only suitable for sentence-level clas-
sification, and cannot perform end-to-end joint extraction;

- Industry terms and complex entity relationships: LLMs may not fully capture
the inherent meaning of specific industry terms and complex financial rela-
tionships, although they have good performance in extracting information;

- KG maintenance: Maintaining the dynamic updates of KG presents a chal-
lenge, which requires onging refinement of data sources and update mecha-
nisms to ensure the graph’s timeliness;

- Generalizability: The scope of the study is limited on a single case SME, thus
future work are needed to validate the LLM-based KM framework across dif-
ferent SME sectors.
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Appendix

NER model-Detailed structure of BERT + CRF (See Figure 1):
1) Input Processing Layer

B Input: Text sequence

B The model uses the tokenization method-WordPiece to convert the text into
input_ids, attention_mask, and token_type_ids, and the sub-word sequence
into token IDs for input into the BERT model after text input,

B The maximum text length is set to 256

2) BERT Encoding Layer

B Embedding layer: Word embedding, position embedding, and paragraph em-
bedding

B Transformer layer: Multi-Head Attention Mechanism + Feedforward Neural
Network

B Number of dimensions for hidden layers: 768 (base) or 1024 (large)

B Masked Language Modeling (MLM) layer: The entity label for each BERT out-
put token is predicted, followed by prediction score calculation for each entity
label, and the entity category with the highest probability for each token is as-
signed as its entity label

3) Output Layer

B Dimensional transformation: [batch_size, seq_len, hidden_size] - [batch_size,
seq_len, num_labels]

B CREF layer: The optimal tag sequence are decoded after analysis of the transi-
tion probabilities between tags

B Output: The relevant labeled entity sequence is predicted

NER model-Detailed structure of BERT + BiLSTM + CRF (See Figure 2):
1) Input Processing Layer

Same as BERT + CRF

2) BERT Encoding Layer

Same as BERT + CRF

3) BiLSTM Layer

B Input layer: The representation of BERT output sequence [batch_size, seq_len,
hidden_size]

B BiLSTM layer: Sequence information and long-range dependence are captured
forward and backward

B Output layer: [batch_size, seq_len, Istm_hidden_size*2]

B Number of dimensions for hidden layers: 256 or 512

4) Output Layer
B CRF layer: Same as BERT + CRF
B Output: The relevant labeled entity sequence is predicted
RE model-Detailed structure of BERT (See Figure 3):
1) Input Processing Layer
@ It is the same as the typical BERT input layer, but special tags are used to mark

the entities, which provides the entities with the model the boundary and lo-
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cation information
@ Special markers [E1] entity 1[/E1]... [E2] entity 2[/E2] are attached to the texts
so as to identify the positions of the two entities
@ The texts input to BERT are the ones with head and tail entity tags
2) BERT Encoding Layer
@ Similar to the BERT encoding in the NER model, it obtains the contextual in-
formation of the entity pair and performs BERT encoding
@ The input requires fields input_ids, segment_ids, and input_mask
3) Feature Extraction
@ Both [CLS] and entity representation are used to mark representation
@ [CLS] position embedding: The representation is marked with [CLS] as the
sentence relation feature, and is added [CLS] and [SEP] at the beginning and
end of each sentence respectively
€ Embedding corresponding to two entities: Representations corresponding to
a pair of entity tags are extracted, and spliced or average them to obtain the
representation of the entity pair, learning the semantic features of the entity
@ The three features obtained are spliced together and input into the following
classification layer
4) Classification Layer
@ Prediction of the relationship type between the head and tail entities
@ Feed-Forward layer: mapping features to relation type space
@ Softmax layer: the number of relationship types (including “no relationship”)
and the probability distribution of output for each relationship type
5) Output Layer
@ Output: Entity-relation sets are generated, grouped and integrated by sentence
to generate final prediction data
RE model-Detailed structure of BERT (See Figure 4):
1) Input Processing Layer
Same as BERT
2) BERT Encoding Layer
Same as BERT
3) BiLSTM Layer
@ Further study of the relationship characteristics between entities
@ Input: Sequence representation of BERT output
@ Bidirectional LSTM: Long-range dependence in sequences are captured
@ The embedded sequence is input into BiLSTM to get the concatenation vector
of the forward and backward hidden states at each time step
@ At each time step, BILSTM outputs a hidden state sequence, and information
at different positions contributes differently to the judgment of the relation-
ship
@ Output: [batch_size, seq_len, Istm_hidden_size*2]
4) Attention Layer

@ Key semantics are extracted, focusing on the words or fragments most relevant
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to the relationship judgment
€ An attention weight vector to weightedly sum the outputs of all time steps are
learned, ultimately aggregating them into a vector that represents the global
representation of the sentence
€ Two entities in the sentence, divide the sentence into five parts, and perform
pooling operation respectively, so that the model can learn the relevant fea-
tures of the entities in the sentence
€ Global maximum pooling: The most significant features are captured
@ Global average pooling: Average features are captured
@ The final feature representation is obtained from the splicing pooling results
5) Classification Layer
@ Feed-Forward layer: features are mapped to relation type space
@ Softmax layer: the number of relationship types (including “no relationship”)
and the probability distribution of output for each relationship type
6) Output Layer
@ Output: Entity-relation sets are generated, grouped and integrated by sentence

to generate the final predicted relation
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