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Advancements in natural language processing (NLP) have driven research in content evaluation, but
no pre-trained models exist for Chinese humanities and social sciences. To address this, several
BERT-based pre-trained models for these fields were trained and validated. The results show
improved performance in tasks like text classification, structural function recognition, and named
entity recognition. Thesemodels enhance the intelligent processing of Chinese humanities and social
science texts, supporting cross-lingual model development.

Natural language processing (NLP) techniques are essential for text pro-
cessing, with advancements in deep learning enabling robust results in tasks
like word segmentation, entity recognition, and text classification1–3. Pre-
trainingmodels have revolutionizedNLP, originating from the introduction
of word embeddings by Bengio et al.4 in 2003. Word2Vec5 and GloVe6

improved text processing but struggled with polysemy due to static word
vectors. Modern pre-trained models, like GPT7 (generative) and BERT8

(understanding), utilize the entiremodel architecture for downstream tasks.
GPT, employing a powerful one-way Transformer9, excels at capturing
long-rangedependencies andpioneeredunsupervisedpre-training followed
by supervised fine-tuning10. BERT, a deep bidirectional Transformer,
leveragesMaskedLanguageModeling (MLM) for contextual understanding
and Next Sentence Prediction (NSP) for inter-sentence relationships, sig-
nificantly advancing the field. A significant amount of research has focused
on improving the performance of BERT in various applications by refining
pre-training tasks, incorporating external knowledge, and optimizing
transformer architectures11.

The performance optimization studies for the BERT model can be
divided into the following aspects. Cross-linguistic knowledge fusion: Hu
et al.12 used multilingual attention for sentiment analysis. Chen et al.13 fine-
tuned on augmented multilingual data for low-resource languages. Caciu-
laru et al.14 introduced CDLM for multi-document language modeling.
Multimodal information fusion: Research emphasizes visual text proces-
sing. Xu et al.15 proposed LayoutLM for layout and content understanding.
Luo et al.16 combined visual and language pre-training models. Li et al.
introduced VTR-PTM with dual-stream input for image captioning. Li
et al.17 proposed P-PCFL for precise vision-language connections. Long text
processing: Dai et al.18 introduced Transformer-XL with segment-level
recursion.Yang et al.19 proposedXLNet using anARmodel anddual-stream
attention. Song et al.20 developedMPNet by integratingMLMandPLMwith
location information. Ding et al.21 presented CogLTX to address limitations

in long-range attention. Model distillation and compression: Jiao et al.22

introduced a transformer-based distillation method. Xu et al.23 presented
Theseus for BERT compression through modular replacement and emu-
lation. He et al.24 studied KDEP, a feature-based knowledge distillation
method.

The integration of specialized domain knowledge has proven crucial
for enhancing the generalization ability and controllability of BERTmodels.
This has led to significant research efforts in developing domain-specific
pre-trainedmodels, primarily focusing on biomedical and general academic
texts. In the biomedical domain, Lee et al.25 demonstrated the superior
performance of BioBERT over standard BERT in tasks like named entity
recognition, relationship extraction, and question answering. Jeong et al.26

further applied BioBERT to biomedical question answering, achieving
notable success with a sequential transfer learning approach. BioBERT’s
effectiveness in extractingmedical text featureswas also highlighted byXiao
et al.27. To address fine-grained semantic relationships in this domain, Liu
et al.28 proposed SAPBERT for accurate biomedical entity linking. The
urgency of theCovid-19 pandemic spurred the development of CovidBERT
by Hebbar and Xie29 for extracting relevant treatment information, while
Rasmy30 introducedMed-BERT, integrating BERTwith structured domain
knowledge for improved disease prediction.

Similarly, the academic domain has witnessed the development of
specialized BERT models. Beltagy et al.31 released SciBERT, which out-
performed BERT on scientific text, addressing the scarcity of large-scale,
high-quality scientific data. Park and Caragea32 corroborated SciBERT’s
advantages in intermediate task transfer, scientific keyword recognition, and
classification. Van Dongen et al.33 introduced SChuBERT for citation pre-
diction, leveraging a comprehensive academic corpus with citation links.
Liu et al.34 trained OAG-BERT by incorporating diverse academic entities,
demonstrating its effectiveness. Shenet al.35 developed SsciBERT specifically
for English social science abstracts, achieving state-of-the-art results in
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humanities and social sciences. In the context of Chinese academic litera-
ture, Li et al.36 created a dataset and corresponding models based on CNKI
abstracts and titles.

These studies underscore a growing trend in BERT research towards
domain-specific enhancements. However, a notable gap exists in pre-
trained models tailored for full-text text mining within the humanities and
social sciences. While large language models like GPT have broadly
advanced NLP, smaller BERT-based models continue to excel in specific
domains, exhibiting stronger domain integration in multimodal and cross-
lingual applications. Although academic domain-specific models are pre-
valent in natural sciences, the development for English humanities and
social science is recent and primarily focused on abstracts. The creation of a
Chinese humanities and social science pre-trained model utilizing full-text
academic resources remains an underexplored area.

Methods
In the field of deep learning, the structure of researches using domain data
pre-training (e.g., SciBERT and BioBERT) can typically be allocated to two
parts—pre-trained experiments and performance validation experiments—
conducted on the model using a standard dataset. In addition to inheriting
this basic experimental paradigm, to make the content more characteristic
of humanity and social science research, this study alsomade improvements
in light of the characteristics of general research within the disciplines of
Chinese humanity and social science dataset. The following experimental
steps are designed.

(1) Data acquisition and pre-processing. A python crawler was used to
crawl the abstracts of papers included in theChinese Social SciencesCitation
database from 1998 to 2020 and the full text of all papers included in the
China Social Science Excellence database from 1995 to 2021. Any abnormal
characters and spaces in the text were cleaned, the full text of each para-
graphs and the abstract as the basic unit of the pre-training data were
determined, the abstracts and full academic texts of papers into the samefile
with line breaks were merged, and the training and validation datasets at a
ratio of 99:1 were divided.

(2) Model pre-training. Using the constructed corpus of Chinese
humanity and social science abstracts and full-texts, this study trained and
developed a pre-trained model specifically designed for Chinese humanity
and social science. The training process utilizedBERT,whichwas trainedon
a general Chinese vocabulary. The pre-trainedmodel was constructedusing
a self-builtGPUserver andwas namedasHsscBERT (https://github.com/S-
T-Full-Text-Knowledge-Mining/HsscBERT).

(3) Pre-trainedmodel evaluation. Perplexity was used as an evaluation
metric to initially determine the whole performance of the pre-trained
models. A standardized performance evaluation experiment is required to
ensure the usability and effectiveness of the model. We designed the fol-
lowing model performance validation experiments based on the char-
acteristics of Chinese humanity and social science data. Based on the
validation dataset, we conducted text classification, structural function
recognition and named entity recognition experiments and selected the
benchmarkmodels and the newmodels in this research for the comparison.
Figure 1 presents the basic flow of the experiments.

Pre-train experiment
Pretraining model. Currently, mainstream pre-training models are
trending towards larger sizes, more parameters, and increasingly com-
plex structures. In this study, we chose BERT as the baseline model to
conduct pre-training using the Masked Language Model (MLM) task.

BERT represents a pioneering advancement in the field of natural
language understanding in the deep learning era.What distinguishes BERT
from previous pre-training models is its ability to train deep bidirectional
representations that considerboth forward andbackward contexts across all
layers. In contrast, earlier language models were typically unidirectional.
The pre-training phase of BERT in the context of Chinese humanities and
social sciences consists of two main tasks: Masked Language Modeling
(MLM) and Next Sentence Prediction (NSP).

TheMLM task is a specialized auto-encoder training approach, where
the BERTmodel randomlymasks 15%of the input characters fromChinese
humanities and social science texts and updates the parameters of the
bidirectional transformer by predicting the masked portions. The NSP task
requires themodel to process sentence pairs and determinewhether the two
sentences belong to a coherent sequence, thereby learning inter-sentence
relationships. By combining the loss functions from both tasks, BERT
derives a federated learning loss function, enabling the simultaneous
updating of the encoder’s output layer and the connected classifier.

Pretraining data. The corpus consists of the abstracts in CSSCI (http://
cssci.nju.edu.cn/login_u.html) and the full texts in China Social Science
Excellence (http://ipub.exuezhe.com/index.html).We stored the crawled
information in the MySQL database, from which we extracted all items
whose values are not empty and obtained a total of 16,960,263 pieces of
abstracts and paragraphs. Table 1 presents the descriptive statistical
information of the corpus. The results indicate that the total number of
data used in this experiment surpasses 4 billion Chinese characters.

In order to understand the distribution of disciplines in the Chinese
humanity and social science Corpus, Tables 2 and 3 show the number
distribution of different disciplines in abstracts and academic full-texts.

Experimental parameters for pre-training. Each line of the Chinese
humanity and social science corpus is an abstract or paragraph of an
article.Additionally, it’s worth noting that the number of Chinese
humanity and social science characters in the majority of lines is statis-
tically less than 512. Therefore, for the pre-training experiment, the
maximum sequence length is set to 512 to enhance the pre-training
speed. The initial learning rate for the training of Chinese humanity and
social science was set to 2e-5, and the warmup function provided by the
transformers facilitated a rapid increase in the initial learning rate during
the pre-training process for Chinese humanity and social science.
Afterward, the learning rate gradually decreases to zero. This mode used
in Chinese humanity and social science enabled the model to quickly
stabilize during the initial training phase and subsequently converge
rapidly in subsequent training sessions. Additionally, a decreasing
learning rate struck a balance between the need for convergence speed
and training accuracy. Considering the server configuration and model
limitations, the training batch size values were individually set to 32 for
each graphics card, and based on the usual experimental practice, three or
five rounds of training were conducted to achieve better results. The
specific parameter values are presented in Table 4.

Models performance evaluation
In this study, two approaches are used to evaluate the performance of pre-
trained languagemodels. Thefirstmethod is simpler, assessing howwell the
model learns Chinese humanities and social science texts by calculating the
model’s perplexity on a test set. The second approach is more straightfor-
ward, applying the pretrained language model to a specific Chinese
humanities and social science task. By observing the performance of the
model in aChinesehumanities and social science task andcomparing itwith
other models, its effectiveness can be assessed.

Evaluation of perplexity. The concept of perplexity introduces a novel
solution. When dealing with substantial disparities in perplexity, a lower
perplexity score indicates a stronger fit of the pre-trained model to real
Chinese humanity and social science sentences. In other words, a lower
perplexity signifies a superior model in Chinese humanity and social
science. The computing formula for perplexity is in the following for-
mula.

PP Wð Þ ¼ P w1w2 . . .wN

� �� 1
N ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

P w1w2 . . .wN

� �N

s
ð1Þ
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During the experiment, several pre-trained experiments in Chinese
humanity and social science were conducted, and the perplexities are pre-
sented in Table 5.

As can be observed in Table 5, two models pre-trained with corpus of
Chinese humanity and social science have a low level of perplexity. Given
that the test set for the experiments consists of abstracts or full academic text
from actual publications, it can be assumed that the content of the test set is
normal understandable sentences, and thus the languagemodels with lower
perplexity may perform better on the specific text mining task. Obviously,
HsscBERT_e5 obtains a lower degree of perplexity than HsscBERT_e3, but
it consumesmuchmore time thanHsscBERT_e3, andHssc _BERT_e5has
better performance in specific natural language understanding tasks.

Evaluation of tasks in NLP. Perplexity, to some extent, reflects the
convergence of the pre-trained model, and therefore, it can more
effectively characterize the linguistic features of the pre-trained data.
Indeed, while a model with lower perplexity indicates better under-
standing of the pre-trained data, it does not guarantee superior perfor-
mance across various specific natural language understanding task.
Thus, further experiments are needed to validate the performance of the
model trained inChinese humanity and social science. In this researches,
a total of three natural language processing tasks were set for validation
in the following three categories: (1) discipline classification experi-
ments, namely, discipline classification tasks for titles and abstracts of
CSSCI journal papers, (2) abstract structural function recognition
experiments, including abstract sentence recognition tasks for articles

published in Data Analysis and Knowledge Discovery, and (3) named
entity recognition experiments, including Chinese literary datasets for
entity recognition. The BERT-base-Chinese model and Chinese-
RoBERTa-wwm-ext model were selected as the baseline models in this
research for comparison with the model trained in Chinese humanity
and social science. All of the above three types of tasks are important
foundations for research in the field of academic textual studies in the
humanities and social sciences, especially for in-depth analysis and
research of literature. First, this study acquired and constructed a high-
quality evaluation dataset, and divided the training set and test set
according to 9:1. Second, the HsscBERT model and the selected BERT-
like base model were fine-tuned and evaluated for their experimental
results, respectively. Finally, the large languagemodel is introduced to be
tested on the test set.

Evaluation dataset. (1) Discipline classification dataset of CSSCI
The titles and abstracts of articles published in CSSCI-indexed

journals from 1998 to the first half of 2021 were obtained and were
categorized according to the CSSCI discipline classification standard.
Approximately 2000 pieces of bibliographical information were ran-
domly extracted from each subject, whereas all bibliographical infor-
mation was extracted from subjects with fewer than 2000 papers. As
such, bibliographical information was extracted from a total of 41,559
valid documents. The extracted bibliographical information was
divided into a training and test set at a ratio of 9:1 in Chinese humanity
and social science. The disciplines included in the dataset are shown in
Table 6.

(2) Structural function recognition dataset
Data Analysis and Knowledge Discovery is one of the core CSSCI

journals belonging to the discipline of library and information science.
Relying on the fields of computer science, data science, and informetrics,
among other fields, this journal extensively organizes research on the
methods, theories, and technologies of data-driven knowledge discovery,
intelligent management, and semantic computing. With the characteristics
of both social and natural sciences, the journal is a product of big data
management and application in the smart era. Because the abstracts of
articles published in the journal have been strictly arranged in a structured

Fig. 1 | Framework of pre-training and validation experiments.

Table 1 | Chinese humanity and social science dataset

Basic statistical information Values

Total file size 11.54 GB

Total number of abstracts and paragraphs 16,960,263

Total number of Chinese characters 4,285,801,244

No duplication of Chinese characters 19,856

Average number of Chinese characters each paragraph 252.7
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form since 2014, the study of its abstract structural function recognition
does not require a large number ofmanual tags, which avoids tag errors, and
reduces the workload and time consumption.

In this dataset, abstract information of the literature published in
the journal Data Analysis and Knowledge Discovery from 2014 to
October 2021 (including articles first published online) was obtained.
In addition, the abstracts were organized according to their labeled
structured abstract subheadings (“Purpose,” “Methods,” “Results,”

“Limitations,” and “Conclusions,” among others) and classified into
the corresponding categories and then normalized. Furthermore, the
training and validation datasets of abstracts of journal Data Analysis
and Knowledge Discovery were divided at a ratio of 9:1 with a single
abstract as the unit of measurement. Table 7 presents the details of the
structural function labels normalization.

(3) Chinese literary entity recognition dataset
To explore the effects of the pre-training of Hcss_BERT model, Chi-

nese literary text data were selected for validation experiments in named
entity recognition (NER)37. The data were obtained from a dataset for
Chinese literary text entity recognition and relationship extraction, which
was posted on GitHub (https://github.com/lancopku/Chinese-Literature-
NER-RE-Dataset/tree/master). Thedataset is basedon726articles related to
Chinese literature filtered and extracted from the website. The dataset was
constructed using an entity and relationship annotation, heuristic Tagging
based on generic disambiguation rules, andCRFmachine learningmethods
to assist in the tag and ensure the precision of the entities and relationships.
The dataset was annotated using the “BIO” annotation method, which
distinguishes entities from non-entities. There were seven entity categories
in the dataset. In the entity categories, the dataset uses “Thing” to capture
non-human objects, “Time” to capture story timelines, and “Metric” to
capture the length and other information based on the characteristics of
literary texts, allowing the label design to fit better with the text features
(Table 8).

Results
To verify theHcssBERT pre-trainedmodel on various natural language
processing tasks, we conducted comparative experiments between the
proposed and following baseline models. Based on the models used
during pre-training described in the previous section, the baseline
models used in experiments are as follows: (1) BERT-base-Chinese, the
basic Chinese pre-trained model officially provided by Google, was
selected as the first validation baseline model. (2) Chinese-RoBERTa-
wwm-ext, the Chinese RoBERTa model adopting. (3) ChatGPT, one of
the top-performing generative multilingual pre-trained models at the
current stage, we utilized GPT-3.5-turbo and GPT-4.0-turbo from
the GPT series to provide response services. (4) LLAMA3.1-8B, one the
best-performing open-source large language models, for LLAMA3.1-
8B model, this study firstly performs Lora fine-tuning, and then uses
the fine-tuned model for downstream task validation. In light of the
common performance metrics system for NLP, in this pre-trained
model of Chinese humanity and social science validation task, we used
the Accuracy, Precision (P), Recall (R), F1-score, Macro-avg, and

Table 2 | The distribution of CSSCI abstracts in accordance
with discipline

Categories Total with %

Economics 197,188 13.43%

Management Science 152,346 10.38%

Education Science 121,309 8.26%

Political Science 108,418 7.38%

Science of Library, Information and Archival 104,068 7.09%

Science of Law 92,231 6.28%

Chinese Literature 85,817 5.84%

Philosophy 81,190 5.53%

History 80,560 5.49%

Art Theory 68,947 4.70%

Journalism and Communication 67,411 4.59%

Linguistics 50,828 3.46%

Sociology 46,311 3.15%

Science of Physical Culture and Sports 37,735 2.57%

Foreign Literature 24,052 1.64%

Psychology 22,603 1.54%

Marxism 19,728 1.34%

Environmental Science 19,315 1.32%

Cultural Science 18,796 1.28%

Ethnology 18,512 1.26%

Science of Religion 16,796 1.14%

Archaeology 14,806 1.01%

Human and economic geography 7498 0.51%

Statistics 5983 0.41%

Integrated Social Sciences 3309 0.23%

Military Science 2501 0.17%

Total 1,468,258

Table 3 | Thedistributionof full texts fromChinaSocial Science
Excellence in accordance with discipline

Categories Total with %

Economics and Economic Management 6,083,629 39.27%

Education 3,353,097 21.64%

Politics and Sociology 2,194,615 14.17%

Literature and Art 1,049,762 6.78%

Philosophy 794,990 5.13%

Dissemination of Cultural Information 656,319 4.24%

History 586,037 3.78%

Law 577,840 3.73%

Other 195,716 1.26%

Total 15,492,005

Table 4 | Pre-training parameters in Chinese humanity and
social science

HsscBERT_e3 HsscBERT_e5

max_seq_length 512 512

learning_rate 2e-05 2e-05

per_device_train_batch_size 32 32

per_device_eval_batch_size 16 16

num train epochs 3 5

Table 5 | Perplexity of the pre-trained models

Models Benchmark model Perplexity

BERT-base-Chinese – 2.68

Chinese-RoBERTa-wwm-ext – 2.81

HsscBERT_e3 BERT-base-Chinese 1.86

HsscBERT_e5 BERT-base-Chinese 1.83
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Weighted-avg to evaluate the experimental performance of the four
pre-trained models. Each metric is calculated as follows (Table 9).

Accuracy ¼ TP þ TN
TP þ TN þ FP þ FN

ð2Þ

Precision ¼ TP
TP þ FP

ð3Þ

Recall ¼ TP
TP þ FN

ð4Þ

F1-Score ¼ 2precision � recall
precisionþ recall

ð5Þ

Themacro-average in Chinese humanity and social science represents
the arithmetic mean of the statistical indicators for all categories, including
macro-accuracy, macro-recall, and macro-F1-score.

macro-precision ¼ 1
n

Xn

i¼1

precisioni ð6Þ

macro-recall ¼ 1
n

Xn

i¼1

recalli ð7Þ

macro-F1-score ¼ 2precisonmacro � recallmacro

precisonmacro þ recallmacro
ð8Þ

Theweighted-average inChinese humanity and social science involves
selecting the ratio of the number of samples in each category to the total
number of samples in all categories as weights, and then computing the
average. The specific indicators to be calculated using the weighted-average
inChinese humanity and social scienceare theweightedprecision,weighted
recall, and weighted F1 values.

weighted-precision ¼
Xn

i¼1

precisioni � f i ð9Þ

weighted-recall ¼
Xn

i¼1

recalli � f i ð10Þ

weighted-F1-score ¼
2precisonweighted � recallweighted
precisonweighted þ recallweighted

ð11Þ

Prompts for LLM
Table 10 presents the prompts used for three different downstream tasks. In
the case of text classification tasks like structural function recognition and
discipline classification, no additional samples were added to the prompts
which relied solely on the provided descriptions. However, for the named
entity recognition (NER) task, more complex prompts were constructed,T
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Table 7 | Uniform specifications of structural function labels

Normalized structural function
labels

Structural function labels in the original
article

Purpose Purpose, objectives, context of
application

Methodology Methodology, scope of literature

Findings Findings

Limitations Limitations

Conclusion Conclusion
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including a specific example. This is becauseNER tasks have a higher degree
of output discreteness compared to classification tasks, making it challen-
ging to extract computational elements from generated text without
structured control over the output. Nonetheless, the model still has the
possibility of generating text outside the label set. To address this issue,
during the final calculation process, any output generated by themodel that
does not belong to any label category is regarded as an erroneous label,
ensuring the rigor of the computed results.

Experiment results
Discipline classification experiments. In this study, the baseline
models and the two proposed pre-trained models for Chinese humanity
and social science domains were used to conduct automatic classification
experiments based on the title and abstract text of CSSCI journal articles
belonging to the disciplines, respectively. The classification of the models
was measured using the accuracy, macro-avg, and weighted-avg values.
Table 10 presents the results of the classification experiments. The data
indicates that HsscBERT_e3 proposed in this study achieved the optimal
results on the discipline classification experiments conducted on the title,
and the best accuracy and weighted avg value in the combined data of
abstract. HsscBERT_e5 works best for the macro average of the abstract.
GPT performs poorly in two scenarios, with a lowmacro-average. This is
due to the unpredictability of the generated content by the generative

model, resulting in the generation of data beyond the label set. Compared
with the two models using WWM technology, HsscBERT_e3 and
HsscBERT_e5 outperformed the baseline model, indicating that the
multiplemodels proposed in this study can provide better support for the
intelligent processing of humanity and social science texts. It is worth
noting that HsscBERT_e3 is slightly better thanHsscBERT_e5 in the title
classification task, which should be related to the characteristics of the
training data, and the full-text data accounted for a relatively large pro-
portion of the data used in this research, soHsscBERT_e3 achieved better
results in the shorter text task. The GPT3.5-turbo model performs
weakly, especially at the macro-average. The reason for this is that the
GPT3.5-turbomodel often outputs redundant content and content that is
not in the given category set, which seriously affects the performance of
the model. In contrast, the performance of the GPT4-turbo model has
greatly improved. Although there is still a certain gap compared to the
fine-tuned model, it has achieved an effect close to the fine-tuned BERT
model in the 0-shot situation. Meanwhile, it is evident that the perfor-
mance improvement of the GPT4-turbo model is very significant when
the input content is richer. In addition, the LLAMA3.1-8B model after
lora fine-tuning outperformsGPT4.0-turbo on the classification task, but
also suffers from irregularities in the output format, where the output
does not belong to the given category.

Structural function recognition experiments. To verify the perfor-
mance of the pre-trained model in Chinese humanity and social science,
abstract sentence structural function recognition experiments were
conducted using abstracts obtained from publications in Data Analysis
and Knowledge Discovery. The abstracts of the journal are standardized
and can be directly used as standard answers for structural function
recognition after a simple normalization. The experiments in in Chinese
humanity and social science used the precision, recall, and the F1-score
under macro-avg and weighted-avg as the basic metrics to evaluate the
models performance. The results were compared with BERT-base-Chi-
nese, Chinese-Roberta-wwm-ext and GPT. The model validation results
are shown in Table 11. The experiments shows that HsscBERT_e5 has
achieved the optimal value in every index. In the meantime, the perfor-
mance of HsscBERT_e3 model is slightly lower than that of
HsscBERT_e5. In contrast, the Chinese-Roberta-wwm-ext model per-
forms the poorer in this task, with all indexes not reaching 80%, while the
performance of BERT-base-Chinese, one of the baseline models, is fair
medium performance. The ability of GPT3.5-turbo to recognize abstract
sentence structural function is poorest, but compared to subject classi-
fication tasks, GPT3.5-turbo achieves higher macro-average scores in
sentence segmentation tasks. It generates very little text outside the
generated label set, indicating that large languagemodels tend to produce
more structured text when performing tasks with a smaller number of

Table 8 | Entity labels of dataset for Chinese literary entity
recognition

Label Description Proportion

Thing Thing 35.63

Person Person 32.71

Location Location, country, or city name 17.18

Time Time related words 7.36

Metric Measurement related words 3.64

Organization Organization name 2.03

Abstract Abstract 1.43

Table 9 | Confusion matrix of models in Chinese humanity and
social science

Predicted class

Class Positive Negative

Positive TP FN

Negative FP TN

Table 10 | Input prompt examples for LLM

Task name Prompt

Discipline classification Donot output anything else, just give the tag name, please choose themost appropriate one from the given tag set [‘history’, ‘sports science’,
‘economics’, ‘management’, ‘psychology’, ‘arts’, ‘archaeology’, ‘law’, ‘natural resources and environmental science’, ‘ethnology and cultural
studies’, ‘sociology’, ‘statistics’, ‘Marxist theory’, ‘humanistic economic geography’, ‘obscure extinct discipline’, ‘library, information and
literature science’, ‘education’, ‘Chinese literature’, ‘foreign literature’, ‘comprehensive social science’, ‘linguistics’, ‘philosophy’, ‘journalism
andcommunication’, ‘political science’, ‘religious studies’, ‘comprehensiveuniversity journal’] to classify the following scientific text, only one
tag from the given tag set can be assigned to the given text, the given text is: {}

Structural function
recognition

Do not output anything else, just give the tag name, please choose the most appropriate tag from the given tag set
[‘conclusion’,‘purpose’,‘results’,‘method’,‘limitations’] to classify the following text, the given text is: {}

Named entity recognition Just output the annotated result, the given tag set is [‘Person’,‘Location’,‘Time’,‘Organization’,‘Metric’,‘Thing’,‘Abstract’], where Person
represents names, pronouns, or titles, Location represents place names, Organization represents organization names, Time represents
temporal nouns, Metric represents quantifiers other than temporal nouns, Thing represents ordinary objects, and Abstract represents
abstracts. Please use these tags to annotate the given text. The output should retain the original text and annotate entitieswith “<tag>entity</
tag>“, for example, if the given text is: “In 1935, a never-before-seen flood of evil water flattened all the buildings on the land of Dongziping to
the ground and formed pits, devouring 176 lives.” then you should annotate it as: “<Time>1935</Time>, a never-before-seen flood of
<Thing>evil water</Thing> flattened all the buildings on the land of <Thing>Dongziping</Thing> to the ground and formed <Thing>pits</
Thing>“. The text you need to process is: {}
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labels. The GPT4 turbo model has made significant improvements at the
macro coverage level, partly due to the superior performance of theGPT4
turbo model itself. On the other hand, the categories involved in abstract
step recognition tasks are far less than those in text subject classification,
which also enables the model to better predict categories in 0-shot
situations. Compared to the subject classification task, the LLAMA3.1-8B
model performs even better on the speech step recognition task, with
much better performance than the GPT family of models, and there is no
case of outputting a non-given set of categories due to fewer data
categories.

Chinese literary entity recognition. As one of the tasks of NLP, named
entity recognition is the basis for subsequent applications such as question
answering systems, machine translation, and information retrieval. To
verify the recognition effect of the HsscBERT pre-trained models, the
Chinese literature dataset was used for entity recognition validation
experiments, which contained seven types of entities including ‘char-
acters’ and ‘places’. The precision, recall, and F1-score were used as the
evaluation indexes of the model as is typical with named entity recogni-
tion. The experimental results are presented inTable 12. It canbe seen that
HsscBERT_e5, obtained the optimal performance in both Recall and F1,
and the F1-score is 73.38% for all types of entities, which is 1.39% higher
than the benchmark model BERT-base-Chinese, and poor performance
Chinese_RoBERTa_wwm_ext, only reaching 50.56%. The performance
of GPT3.5-turbo on this task is also lower than that of the fine-tuned
model, and the recall is significantly lower than the precision. The F1 score
only reaches 18.20%. This indicates that even the currentlymost advanced
model is still difficult to apply to vertical domain tasks. Similar to the
previous two experiments, GPT4-turbo still exhibits much better per-
formance than the GPT3.5 turbo model, but the macro coverage index is
still low. Obviously, in the 0-shot scenario, it is difficult to require gen-
erative models such as GPT to complete domain tasks while ensuring the
standardization of the output. The LLAMA3.1-8Bmodel outperforms the
GPT model on the named entity recognition task, but there is still a gap
compared to the BERT family of models, and in combination with the

other two validation results, the generativemodel still needs to be explored
more on the text comprehension-type task (Table 13).

Discussion
The present study focuses on the development of pre-trained language
models specifically for Chinese humanities and social science texts. A series
of models was proposed, including HsscBERT_e3 and HsscBERT_e5, and
their performancewas evaluated across a range of tasks, including discipline
classification, abstract structural function recognition, and knowledge entity
recognition. The models demonstrated superior performance in domain-
specific tasks in comparison to baseline models, particularly with regard to
the recognition of domain-related linguistic features and the improvement
of semantic understanding. Furthermore, experimental findings indicated
that five rounds of pre-training yielded superior model performance in
comparison to three rounds, thereby underscoring the significance of
continuous domain-specific training. Additionally, the research highlighted
that small andfine-tunedmodels outperform large-scalemodels likeGPT in
certain specialised tasks, affirming the value of targetedmodel training over
broad, generic pre-training. The process described in this study can be
further generalized to other domains, such as literature, history and philo-
sophy. Training on large-scale domain texts enables the model to demon-
strate superior performance on domain-specific tasks.

Notwithstanding the favourable outcomes, this study also identified
certain limitations. From a cross-disciplinary and cross-language perspec-
tive, the performance of the model varies across disciplines due to differ-
ences in publication volume and language style. Themore esoteric language
of disciplines such as philosophy poses a significant challenge for training,
leading to lower recognition accuracy in specific tasks. The increasing
overlap of disciplinary content in modern research also complicates text
categorisation, as it makes it more difficult for models to achieve high
classification accuracies. While the model has demonstrated proficiency in
Chinese humanities and social sciences, challenges persist in multilingual
scenarios due to constraints in model parameters and training data. From
the perspective of NLP tasks, the encoder-only architecture model repre-
sented by BERT is more suitable for text comprehension tasks, and is dif-
ficult to perform generative tasks (e.g., translation, summarization).

Table 11 | Experiment results of classification models

Title Abstract

Accuracy (%) Macro Avg (%) Weighted Avg (%) Accuracy (%) Macro Avg (%) Weighted Avg (%)

BERT-base-Chinese 65.28 61.78 63.42 70.57 67.65 69.11

Chinese-Roberta-wwm-ext 58.66 52.89 56.12 64.82 58.98 62.37

HsscBERT_e3 65.74 61.95 63.75 71.63 68.69 70.09

HsscBERT_e5 65.47 61.83 63.52 71.51 68.94 69.98

LLAMA3.1-8B 61.42 56.82 61.22 64.01 60.90 62.39

GPT3.5-turbo 42.56 4.08 42.14 44.90 8.30 43.93

GPT4-turbo 62.58 41.36 60.87 63.54 43.27 63.13

Table 12 | Experiment results of structural function
identification of abstracts (%)

Accuracy (%) Macro
Avg (%)

Weighted
Avg (%)

BERT-base-Chinese 88.00 87.71 88.00

Chinese Roberta-
wwm-ext

79.83 79.24 79.82

HsscBERT_e3 88.35 88.09 88.34

HsscBERT_e5 88.52 88.32 88.54

LLAMA3.1-8B 85.86 86.23 85.39

GPT3.5-turbo 54.26 44.00 54.12

GPT4-turbo 75.64 70.23 72.83

Table 13 | Experimental results of Chinese literary entity
identification (%)

Precision (%) Recall (%) F1 (%)

BERT-base-Chinese 69.51 72.53 70.99

Chinese-RoBERTa-wwm-ext 48.37 52.95 50.56

HsscBERT_e3 71.31 73.45 72.36

HsscBERT_e5 71.17 73.64 72.38

LLAMA3.1-8B 67.32 64.15 65.70

GPT3.5-turbo 43.82 15.43 18.20

GPT4-turbo 60.46 32.87 42.59
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To date, NLP has experienced four research paradigms: Fully Super-
vised Learning (Non-Neural Network), Fully Supervised Learning (Neural
Network), Pre-train, Fine-tune and Pre-train, Prompt, Predict38. This study
represents an attempt and exploration of the third paradigm in the context
of Chinese humanities and social sciences. The experimental results
demonstrate that, despite the large language model’s demonstrated profi-
ciency in text generationwithin the general domain, thePre-train, Fine-tune
researchparadigmbasedon smallmodelsmaintains relevance in the vertical
domain. Future research should address the limitations of perplexity as a
metric for model evaluation, exploring alternative metrics that could better
capture nuanced performance differences, especially in low perplexity sce-
narios. In addition, further exploration is required to enhance the perfor-
mance of models across diverse disciplinary domains characterised by
varied linguistic characteristics. The incorporationof amorediverse array of
data sources, along with the identification and resolution of challenges
pertaining to cross-disciplinary classification, will serve to enhance the
model’s versatility and generalizability. Additionally, refining the pre-
training process to accommodate the specific needs of different linguistic
styles, such as those found in Chinese humanities and social sciences, could
further optimize model performance. The exploration of advanced tech-
niques, such as the incorporation of external knowledge bases, the inte-
gration of more domain-specific features, and the application of hybrid
models combining supervised and unsupervised learning approaches, holds
promise for the enhancement of future model development. As the field of
natural language processing (NLP) continues to evolve, it is essential to
examine how new paradigms, such as the fourth paradigm of NLP, can be
integrated into the pre-training process to improve performance on
downstream tasks.

Data availability
Access to the data is available at https://github.com/S-T-Full-Text-
Knowledge-Mining/HsscBERT.
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