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Abstract

[Purpose/Significance] Document classification and indexing is one of the funda-
mental tasks in libraries and other information institutions. Currently, limited
human resources are insufficient to categorize the vast volume of documents.
Large language models, with their exceptional natural language understanding
and processing capabilities, have been employed to accomplish various natural
language processing tasks such as text generation, automatic summarization,
and text classification. Their integration with the entire document indexing pro-
cess can help alleviate the pressure of classification indexing. [Method/Process]
Drawing upon the long-term practical experience of the National Index to Chi-
nese Newspapers and Periodicals, this study explores the integration of large
language models into the classification indexing workflow through three entry
points: reducing the reading burden on indexers, direct application of large lan-
guage models for classification, and their combination with automatic indexing
models, aiming to enhance indexing efficiency. [Results/Conclusion] Through
a series of comparative tests and analyses, we designed a Prompt-assisted the-
matic classification model and an ACBKSY automatic indexing model. The
Prompt-assisted thematic classification model helps indexers quickly grasp the
key points of documents, thereby reducing reading pressure. The ACBKSY
model achieved a 2.16% improvement in overall classification accuracy and a
3.77% improvement in non-rejection accuracy. Building upon these results, we
optimized the actual indexing workflow, which has currently been implemented
in the indexing of R and F category documents. The optimized workflow can
improve indexing efficiency by 1.1 to 1.4 times.

Full Text

Preamble

Journal of Library and Information Science in Agriculture
Exploring the Application of Large Language Models in Classification

chinarxiv.org/items/chinaxiv-202410.00006 Machine Translation


https://chinarxiv.org/items/chinaxiv-202410.00006
https://chinarxiv.org/items/chinaxiv-202410.00006

ChinaRxiv [$X]

and Indexing Work

Authors: Jiang Peng, Ren Yan, Zhu Beiling (Shanghai Library, Shanghai
200030)

Abstract:

[Purpose/Significance] Document classification and indexing is one of the
fundamental tasks of information institutions such as libraries. Currently, lim-
ited human resources struggle to categorize the massive volume of documents.
Large language models (LLMs), with their exceptional natural language un-
derstanding and processing capabilities, have been applied to natural language
tasks such as text generation, automatic summarization, and text classifica-
tion. These capabilities can be integrated throughout the entire document
indexing process, helping to alleviate the pressure of classification and index-
ing. [Method/Process] Drawing upon the long-term practical experience of
the National Newspaper Indezx, this study explores how to introduce LLMs into
the classification and indexing workflow from three perspectives: reducing the
reading burden on indexers, directly applying LLMs for classification, and com-
bining them with automatic indexing models to improve indexing efficiency.
[Results/Conclusions] Through a series of comparative tests and analyses,
we designed a Prompt-assisted topic classification model and the ACBKSY au-
tomatic indexing model. The Prompt-assisted topic classification model enables
indexers to quickly grasp the key points of documents, reducing reading pres-
sure. The ACBKSY model improved overall classification accuracy by 2.16%
and non-rejection accuracy by 3.77%. Building on this, we optimized the actual
indexing workflow, which has now been deployed for documents in the R and
F categories. The optimized workflow can increase indexing efficiency by 1.1 to
1.4 times.
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0 Introduction

Document classification and indexing involves the logical division and systematic
arrangement of documents based on their content characteristics and certain
external features to facilitate document management and utilization. It is a
fundamental and critical task for libraries and other information institutions.
Currently, document classification and indexing still relies primarily on manual
work. However, in the information age, an ever-increasing volume of literature
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continues to emerge, making it difficult for manual labor to categorize such
massive quantities of documents.

The development of automatic indexing technology has witnessed an evolution
from traditional machine learning methods to modern deep learning techniques.
Early approaches included Decision Trees, Naive Bayes, and Support Vector
Machines, which gradually gave way to deep learning algorithms such as Con-
volutional Neural Networks (CNN), Recurrent Neural Networks (RNN), and
Bidirectional Encoder Representations from Transformers (BERT). Against this
backdrop, automatic indexing technology emerged to better classify and utilize
the growing body of literature through these advanced algorithms.

However, automatic indexing cannot fully replace document classification and
indexing. The latter involves multiple stages including document review, classi-
fication rule determination, and final assignment of classification numbers. For
indexers, the automatic indexing process is a black box, providing only results
without truly participating in the entire indexing workflow. When accuracy has
not yet reached a certain level, the usability of results becomes questionable,
limiting improvements to indexing efficiency.

In November 2022, OpenAl launched the ChatGPT large language model, which
gained widespread societal attention for its superior natural language under-
standing and processing capabilities. LLMs have been applied to natural lan-
guage tasks such as text generation and automatic summarization. This study,
based on the long-term indexing practice of the National Newspaper Index, ex-
plores how to leverage the strong semantic understanding and analysis capa-
bilities of LLMs to integrate them into the existing indexing workflow, using
document reading and automatic indexing as entry points to improve work effi-
ciency.

1 Literature Review

Research on large language models primarily concentrates on three aspects:
First, comparative analyses of core LLM technologies and their differences to
identify application scenarios, such as proposing how to leverage LLMs in li-
braries for information consultation and other services. Second, utilizing the
natural language processing capabilities of LLMs for specific business applica-
tions, including retrieval systems. Third, evaluating LLM performance across
dimensions such as generated content quality, security risks, price, and time
consumption.

Studies have shown that through structured information prompt templates con-
taining example prompts and output format information, LLMs can achieve
optimal classification performance in terms of precision, recall, and F1l-score.
Other research has explored using ChatGPT for entity recognition, pseudo-label
generation, and training data generation, analyzing its usability from multiple
perspectives.

chinarxiv.org/items/chinaxiv-202410.00006 Machine Translation


https://chinarxiv.org/items/chinaxiv-202410.00006

ChinaRxiv [$X]

2 Large Language Model-Assisted Document Reading

Classification and indexing essentially involves extracting key concepts that re-
flect the main content of a document and assigning them to corresponding cate-
gories according to classification rules. Document reading is the first and most
fundamental step in this work. Document titles provide a brief summary of the
theme and innovation points, generally containing background, research objec-
tives, and content. The subject matter in titles and abstracts can be used to
represent the full text’ s research content.

With increasing document volumes and advancing technology, indexers face
growing reading pressure. The primary way to improve work efficiency is to en-
hance reading efficiency. To address challenges faced by indexers, particularly
new staff when reading documents outside their expertise—especially scientific
literature—we designed a Prompt-assisted topic classification model using Baidu’
s ERNIE Bot. This model intelligently analyzes and extracts document content,
guiding the model to output concise information summaries that help indexers
quickly grasp core points.

The model extracts research objectives and content, uses one sentence to summa-
rize the current document, identifies professional terminology, and determines
the document’ s disciplinary category. Specific examples are shown in [Figure
1: see original paper] and [Figure 2: see original paper]. The quality of LLM
outputs was manually evaluated by experienced indexers based on dimensions
shown in , including grammatical correctness, content readability, and alignment
with the original text. Evaluation results demonstrated that model-generated
content has high readability and effectively extracts and summarizes core points
from original documents.

Through the Prompt-assisted topic classification model, indexers can quickly
understand the research theme, grasp the essence of key concepts and their
interrelationships, and thus rapidly and accurately determine document classifi-
cation positions. However, since LLM outputs may alter semantic relationships
(such as causality or parallelism) present in the original documents, this con-
tent should only be used to reduce reading pressure and not as direct basis for
classification.

3 Direct Application of Large Language Models for Classi-
fication

The ultimate goal of document classification and indexing is to assign appro-
priate category information. To investigate whether LLMs can be directly ap-
plied to text classification tasks based on the Chinese Library Classification
(CLC), we conducted experiments with multiple models including ERNIE Bot
and ChatGPT. We directly input document titles, abstracts, and other indexing
information into the LLMs.

Test results were unsatisfactory. Without prior training, the optimal classifica-
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tion accuracy was only around 30%. Three main issues emerged: First, output
results varied significantly with different prompts. As shown in , even with
identical prompts, the classification numbers provided by the model showed
substantial differences. Second, LLMs cannot fully understand the CLC clas-
sification rules. For example, when directly asked “What category does R287
represent in the CLC?” | the model responded that it might be a more detailed
subcategory not directly listed in the classification table. Third, LLMs have
difficulty understanding explicit classification rules, such as those governing re-
lationships between categories, leading to incorrect classification numbers.

4 Combining Large Language Models with Automatic In-
dexing Systems

Since LLMs cannot be directly used for CLC-based text classification tasks, we
explored how to combine them with existing automatic indexing systems.

4.1 The National Newspaper Inder Automatic Indexing Model
(CBKSY)

The National Newspaper Index has long maintained a specialized team for docu-
ment classification, primarily conducting classification and indexing of Chinese
academic literature. This work has accumulated a large volume of high-quality
indexing data, providing valuable information resources for research and a solid
foundation of training data for automatic indexing technology.

Since the early 21st century, the National Newspaper Index has been exploring
and utilizing automatic indexing tools. The main workflow is shown in [Figure
3: see original paper|. With technological development, the National Newspaper
Index continues to optimize its automatic indexing model to improve accuracy
and reliability.

4.1.1 Training Data CBKSY training data originates from manually in-
dexed modern academic literature from the National Newspaper Index, primar-
ily containing document titles, keywords, and classification numbers. To ensure
dataset quality, the data underwent three rounds of cleaning, mainly focusing
on standardizing newly added categories and unifying content. Simultaneously,
K-fold cross-validation was employed to minimize bias potentially introduced
by human subjective factors.

4.1.2 Category Level Selection Regarding category levels, CBKSY differs
from previous approaches that set the deepest level at the fourth layer. Instead,
based on practical work requirements, it adopts a “classify to the end” strategy,
where the model directly outputs what it determines to be the most appropriate
classification number.
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4.1.3 Model Framework CBKSY employs deep classification algorithms
and knowledge graph-enhanced graph neural network classification algorithms.
The deep classification algorithm includes MacBERT, RobertaBERT, and
BERT-Chinese variants. The graph neural network classification algorithm
uses a knowledge graph as its core, representing entities appearing in academic
literature (e.g., “Severe Acute Respiratory Syndrome” for R512.93) and their
relationships. Through deep weighted ensemble algorithms, these approaches
are fused together, adjusting voting weights for different models to enhance
classification accuracy and robustness.

The model incorporates an uncertainty value evaluation strategy to accurately
assess uncertainty during document indexing and determine whether human
intervention is required. Uncertainty comprises two components: epistemic un-
certainty (due to insufficient knowledge or unseen samples) and aleatory uncer-
tainty (due to ambiguous category meanings or indexer subjective bias). The
weighted combination of these uncertainties enables comprehensive judgment
of document uncertainty, with high-uncertainty documents routed for manual
classification.

4.2 Using Large Language Models for Classification Result Optimiza-
tion

Analysis of CBKSY output results revealed that in cases where NUM1 (the
highest probability classification number) was incorrect but NUM2 or NUM3
was correct—accounting for approximately 8% of total data—selecting the correct
classification from non-NUMI1 options could significantly improve automatic
indexing accuracy.

4.3 Combining Large Language Models with CBKSY

4.3.1 Integration Approach The greatest advantage of LLMs lies in their
information organization capabilities. =~ While indexers subjectively believe
that titles and abstracts can represent main document content, the input
still contains considerable classification-irrelevant information or insufficiently
precise information. Ideal automatic indexing models should input as many
key classification-related elements as possible to reduce irrelevant factors.

This study tested using GPT-4 and ERNIE Bot 4.0 to regenerate titles and
one-sentence abstracts, then input these generated results into the automatic
indexing model. As shown in , both ERNIE Bot and GPT-4 generated content
achieved slightly higher overall accuracy than the original documents, suggesting
they could complement the original documents to some extent. Considering
stability and performance, we selected ERNIE Bot to integrate with CBKSY,
forming the new ACBKSY model.

The integration method involves inputting the document to be indexed into the
LLM to generate new text En(i), then inputting both the original document
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E(i) and En(i) into the indexing model. The classification weights are primarily
determined by performance using the formula:

num g

w,: =
' numpg) +numg,

where nump;) and numg,; represent the number of samples misclassified by
the classifier under two different inputs, and num represents the total number
of samples. The final probability of En(i) belonging to a certain category is
determined by weighted voting.

4.3.2 Results and Analysis As shown in , with the default threshold of
0.8, all metrics of the automatic indexing results improved to varying degrees.
Overall accuracy increased by 2.16%, and non-rejection accuracy improved by
3.77%, demonstrating the effectiveness of ACBKSY. When the threshold was
set to 0.9, data accounting for 26.15% of the total volume could directly enter
the verification stage for sampling inspection, balancing indexing quality and
work efficiency.

In terms of stability, testing was conducted on medical category data collected
by the National Newspaper Index from various months in 2023. The accuracy
fluctuation range was controlled between 1% and 4%. Considering factors such
as data distribution diversity and inter-indexer consistency, the model demon-
strates good stability.

5 Conclusion and Outlook

This study, relying on large language models, designed a Prompt-assisted topic
classification model to help indexers quickly understand document key points
and reduce reading pressure. Through a series of experiments, we verified
how LLMs can be combined with automatic indexing systems, resulting in the
ACBKSY model. This model improved overall accuracy by 2.16% and non-
rejection accuracy by 3.77%. Building on this, we optimized the actual indexing
workflow, as shown in [Figure 5: see original paper], enhancing systematicity
and coherence to ensure every step from document input to final classification
is more efficient and accurate.

The optimized workflow has been deployed for documents in the R and F cate-
gories. Manual testing indicates it can increase indexing efficiency by 1.1 to 1.4
times. For secondary categories, classification accuracy improved from 85.79%
t0 90.53% after introducing LLMs.

However, this study has certain limitations. For instance, the LLM was not
provided with sufficient learning to fully understand CLC category settings and
some simple rule divisions. Since CLC classification is essentially hierarchical,
guiding LLMs to gradually output classification results through multi-round
dialogue requires further research. Subsequent work will continuously validate
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and refine the workflow through practical application and gradually extend it
to other categories to transform the classification and indexing ecosystem.
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