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Analysis of Open Peer Review Comments for High-Level Papers and Enlightenment: Taking H1 Connect as an Example

LIU XiaoJuan YU Yao SHEN JiaNing
(School of Government, Beijing Normal University, Beijing 100875, P. R. China)

Abstract: Open peer review provides new perspectives for evaluating papers. Analyzing the characteristics of review comments on high-level papers can
aid in their assessment and optimize the academic evaluation system. Taking papers on COVID-19 that are recommended by experts of HI Connect, a globally
authoritative open peer review platform in the biomedical field, and published on top journals as typical cases of high-level papers, we collect open peer review
comments of these papers on H1 Connect. We analyze the attention and recognition, emotional characteristics, and value characteristics reflected in the expert
review comments of high-level papers from both indicator and textual perspectives. The findings reveal that high-level papers can quickly attract the attention
of peer reviewers, but only a few spark heated discussions. The open peer review texts often contain emotional sentences reflecting the reviewers’ attitudes,
with more positive comments addressing the overall performance of the papers and fewer negative comments mainly addressing the research methods used.
The open peer review comments indicate that the value of papers is reflected in multiple dimensions including academic fields and practical applications,
with an especially strong emphasis on practical contributions. Through the analysis of open peer review comments on high-level papers, it is recommended
that open peer review data sources be introduced into the academic evaluation system to enhance the scientificity and effectiveness of academic evaluation. In
practical applications, it is still necessary to further improve the peer review indicators, deeply explore the key elements in the review texts, strengthen resource
construction and technological integration, and utilize cutting-edge technology to intelligently analyze the deep value of review texts.

Keywords: Open Peer Review; High-Level Paper; Academic Evaluation; H1 Connect
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Triplet Extraction Method for Green and Low-Carbon Field Based on Large Language Models

WANG LiJun ZHAO ZiYan MA Li JIANG HuiChao ZHANG Ran
(State Grid Information & Telecommunication Co., Ltd., Beijing 100761, P. R. China)

Abstract: Triplet extraction aims to extract entities and their relationships from text to form structured knowledge representations, which is a key
technology for building automated knowledge graphs. Although traditional deep learning-based triplet extraction methods perform well when sufficient training
data is available, in vertical scenarios such as the green and low-carbon sector of the power industry, the lack of standardized supervised data, high cost of
manual annotation, and the presence of many specialized terms in papers and patents limit the recognition accuracy of these methods. To address these issues,
this paper proposes a triplet extraction method based on large language models. By using proprietary large models to annotate a small amount of high-quality
labeled data and combining retrieval-augmented techniques to guide open-source models for extraction, high-quality and automated vertical domain extraction
has been achieved. Moreover, to improve extraction efficiency and precision in few-shot scenarios, this method also includes a data streamlining and complex
data segmentation module, which divides the data based on the difficulty level of extraction and further divides complex data to simplify the extraction process,
thereby improving the extraction effect. To verify the performance of the model, we automatically annotate a dataset of patents and papers in the power field
using GPT-4, and introduce comparisons with well-known proprietary and open-source large models such as ChatGPT and ChatGLM. The experimental results
demonstrate that our method achieves better extraction performance.

Keywords: Triplet Extraction; Knowledge Graph; Large Language Model; Green and Low-Carbon
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