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ABSTRACT

The purpose of this study is to assess the effectiveness of using deep learning language models to extract
references automatically and create a reference database for research reports in an efficient manner. Unlike
academic journals, research reports present difficulties in automatically extracting references due to
variations in formatting across institutions. In this study, we addressed this issue by introducing the
task of separating references from non-reference phrases, in addition to the commonly used metadata
extraction task for reference extraction. The study employed datasets that included various types of
references, such as those from research reports of a particular institution, academic journals, and a
combination of academic journal references and non-reference texts. Two deep learning language models,
namely RoBERTa+CRF and ChatGPT, were compared to evaluate their performance in automatic extraction.
They were used to extract metadata, categorize data types, and separate original text. The research findings
showed that the deep learning language models were highly effective, achieving maximum Fl-scores of
95.41% for metadata extraction and 98.91% for categorization of data types and separation of the original
text. These results provide valuable insights into the use of deep learning language models and different
types of datasets for constructing reference databases for research reports including both reference and
non-reference texts.
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Type 95,01 92.85 93.92
Partial 9652 94.33 95.41
ROBERTatCRE Strict 92.36 90.26 03
Fxact 9452 92.37 93.43
PN Type 8141 7526 7821
ChatGPT Partial 8.1 8173 81.94
(Zero-shot) Strict 7097 66,82 69.44
Fxact 8041 7434 7796
Type 99.77 99,57 99,67
Partial 99.74 99,54 99,64
RoBERTa+CRF Strict 99,45 99.25 99.35
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Fxact .11 9057 9133
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o] EfAl 52d 7} HAx Precision Recall F1-score

Type 79.78 80.17 79.98

Partial 98.68 99.15 98.91

RoBERTa+CRE Strict 79.30 79.69 79.49

Exact 98.44 98.91 98.67

BT Type 69.48 69.65 69.57

ChatGPT Partial 98.49 98.73 98.61

(Zero-shot) Strict 69.12 69.29 69.20

Exact 98.19 98.43 98.31

Type 99.97 99.97 99.97

Partial 99.95 99.95 99.95

RoBERTa+CRE Strict 99.87 99.87 99.87

8] Exact 99.90 99.90 99.90

Type 96.37 96.29 96.33

ChatGPT Partial 99.89 99.80 99.85

(Zero-shot) Strict 96.14 96.06 96.10

Exact 99.78 99.69 99.73

Type 96.96 95.33 96.14

Partial 94.53 92.95 93.73

RoBERTa+CR Strict @11 9057 9133

Exact 92.11 90.57 91.33

Type 94.14 93.24 93.69
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Exact 95.17 94.26 94.71
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CRF (Zero-shot) CRF (Zero-shot) CRF (zero-shot) | (one-shot)

TR 66.67 71.11 N/A N/A N/A N/A N/A
8= 86.96 81.33 99.87 96.10 91.33 92.02 86.78
o o EJAl 0.00 46.67 N/A N/A N/A N/A N/A
o= 0.00 44 44 N/A N/A N/A N/A N/A
7tol=g}el 0.00 27.27 N/A N/A N/A N/A N/A
HE 0.00 46.67 N/A N/A N/A N/A N/A
w2 81.48 74.50 N/A N/A N/A N/A N/A
ZEAY 4912 51.72 N/A N/A N/A N/A N/A
HIA 84.29 60.29 N/A N/A N/A N/A N/A
Aol E 70.32 60.55 N/A N/A N/A N/A N/A
OTE - 0.00 16.67 N/A N/A N/A N/A N/A
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