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The potential career impact of large language models on

researchers
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2. Zhejiang Pilot Laboratory of Philosophy and Social Science—Laboratory of Intelligent
Society and Governance, Zhejiang Lab, Hangzhou 311121, China)

Abstract: The rapid advancement of artificial intelligence, particularly large language models
(LLMs) such as ChatGPT, has garnered significant attention for its transformative potential across
various sectors. This study focuses on the potential occupational impacts of LLMSs on researchers,
evaluating how these models may alter the research landscape and influence the careers of those
within it. Using GPT-4, the study assesses the extent to which LLMs impact different aspects of
researchers' work, including task performance, skill requirements, education levels, and salary
scales. The study utilizes data from the "Occupational Classification of China" (2022 edition) and
the U.S. Occupational Information Network (O*NET) to map specific research tasks and assess
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their susceptibility to LLM influence. Tasks were evaluated based on their potential for
automation using GPT-4, with a scoring system that quantifies the degree to which LLMs can
reduce human labor input. The evaluation involved three rounds of scoring to ensure robustness
and reliability of the results.

The findings reveal several key impacts of LLMs on the research sector:

Regarding research fields, the results indicate that researchers in different fields are affected by
LLMs to varying degrees. Mathematical researchers experience higher impacts due to LLMs'
capabilities in processing large volumes of textual data, facilitating tasks such as literature reviews,
data analysis, and report generation. In these fields, the ability of LLMs to quickly synthesize
information and generate comprehensive reports can significantly reduce the time researchers
spend on these tasks. Mechanical researchers in this field are less impacted as their tasks often
involve practical and hands-on activities that LLMs are not yet equipped to handle effectively.

Regarding skills, tasks requiring high levels of logical reasoning are more susceptible to LLMs,
which can handle data analysis and modeling efficiently. Interpersonal communication and
mechanical operations are less impacted as they involve nuanced human interactions and physical
manipulations that LLMs cannot replicate.

Regarding education and salary levels, researchers with higher education levels are more
impacted as LLMs can handle complex cognitive tasks that are typical at higher education levels.
Roles offering higher salaries are more likely to be influenced by LLMs, reflecting the advanced
nature of tasks and the significant potential for productivity improvements through automation.

LLMs have the potential to transform the research landscape by automating standardized tasks,
thereby enhancing efficiency and accelerating research progress. However, the extent of this
impact varies across different fields, skills, and demographic factors. Policymakers and
educational institutions must adapt to these changes by integrating Al literacy and skills
development into their programs to prepare researchers for an Al-enhanced future. Future research
should continue to monitor the evolving capabilities of LLMs and their broader implications for
the research community. In conclusion, while LLMs offer substantial benefits in terms of
efficiency and productivity, their impact on the research sector is complex and multifaceted. It is
crucial for stakeholders to develop strategies that maximize the advantages of LLMs while
mitigating potential disruptions to researchers' careers. This study provides a foundational
understanding of these dynamics, paving the way for more detailed investigations into specific
impacts and mitigation strategies.
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Table 3 Impact assessment of occupational subcategory
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GPT-4 ¥4y
(D (2) (3 (4 (5) (6)
LLM (Felten) 0.8182™"
(0.076)
AIOE (Felten) 0.8662™"
(0.0647)
Automation -0.4324™
(Frey&Oshorne) (0.1234)
Software(Webb) -0.3211™

(0.1336)
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Robot(Webb) -0.3913

(0.1300)
Al(Webb) -0.1449
(0.1394)
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Table 5 Regression Analysis of GPT-4 Scoring and Knowledge
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Table 6 Regression analysis of ratings and skills
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Figure 5 The relationship between GPT-4 score and educational level
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Table 7 Regression analysis of GPT-4 score and educational level
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Figure 6 The relationship between GPT-4 score and salary level
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Table 8 Regression analysis of GPT-4 score and wage level
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Standard errors in parentheses
“p<0.10, " p<0.05 " p<0.01
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