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Abstract

Prior analyses and assessments of the impact of scientific research has mainly
relied on analyzing its scope within academia and its influence within schol-
arly circles. However, by not considering the broader societal, economic, and
policy implications of research projects, these studies overlook the ways in
which scientific discoveries contribute to technological innovation, public health
improvements, environmental sustainability, and other areas of real-world appli-
cation. We expand upon this prior work by developing and validating a conceptual
and computational solution to automatically identify and categorize the impact
of scientific research within and especially beyond academia based on text data.
We first empirically develop and evaluate an annotation schema to capture and
classify the impact of research projects based on research reports from different



scientific domains. We then annotate a large dataset of more than 45k sen-
tences extracted from research reports for the developed impact categories. We
examine the annotated dataset for patterns in the distribution of impact cat-
egories across different scientific domains, co-occurrences of impact categories,
and signal words of impact. Using the annotated texts and the novel classifica-
tion schema, we investigate the performance of large language models (LLMs)
for automated impact classification. Our results show that fine-tuning the models
on our annotated datasets statistically significantly outperforms zero- and few-
shot prompting approaches. This indicates that state-of-the-art LLMs without
fine-tuning may not work well for novel classification schemas such as our impact
classification schema, and in turn highlights the importance of diligent manual
annotations as empirical basis in the field of computational social science.

Keywords: Impact classification, Sentence-level annotation, Social impact, Project
report, Cross-domain, Large language model

1 Introduction

The outcomes of scientific research can have a multitude of impacts on our society, such
as influencing people’s values, knowledge, and opinions [1-5]. Research results enable
and advance new industries, technologies, and other products and services that impact
essential needs including communication, education, transportation, healthcare, and
culture. Scientific research also provides evidence-based information relevant to policy
makers and society at large [6, 7].

The object of previous analyses and assessments of the impact of scientific research
was mainly academia. A large body of work has examined research publications and
their dissemination using metrics and methods from bibliometric, infometric, or sci-
entometric, such as calculating citation counts and measuring trends in the allocation
of awards and grants to scholars [8-10].

However, these methods are limited in capturing impact beyond academia, such as
societal, political, legal, and economic impact [11, 12]. More specifically, the societal
impact of research may not be reflected by the number of citations, but rather by
the tangible outcomes that some research has produced, such as policies and practices
that concern the wider community.

To fill this gap, Witt et al. (2018) evaluated the impact of research projects
beyond academia. Based on the analysis of scientific project reports, they empiri-
cally developed an alternative classification schema for categorizing impact, which
distinguishes between monetary and non-monetary impact and includes the subcat-
egories economic, technical, socio-cultural, political-legal, environmental impact and
income for research institutions. Building on prior research, Rezapour et al. (2020) pro-
posed a mixed-method framework that combines top-down and bottom-up strategies
for extracting impact categories. This approach leverages domain-specific knowledge
alongside impact categories derived from project reports to facilitate computational
analysis of scientific impact. After manually annotating a corpus of funding reports,
followed by employing supervised machine learning to infer impact categories, the



results show that research funding reports often aim to achieve impacts that extend
beyond the academic domain, encompassing economic, socio-cultural, and political
outcomes.

Building on these observations and insights, this paper aims to develop and eval-
uate a classification schema designed to effectively capture and categorize the impact
of scientific research based on research reports. There are two main challenges in ana-
lyzing impact based on project reports. First, there is still a lack of a comprehensive
classification schema to categorize the impact of scientific research. The PESTEL
schema, a framework used by organizations and businesses to analyze external macro-
environmental factors, has the potential to serve as an impact classification schema
for scientific research, as it is comprised of a seven societally-relevant categories, i.e.,
Political, Economic, Social, Technological, Environmental, and Legal. However, while
these categories are insightful for our purpose, their subcategories are more related
to macro-environmental factors in business rather than science, such as “Free Trade
Disputes” under the main category “Political”. Given the lack of suitable category
systems for our task, we needed to develop our own schema. Second, the absence of
a standardized structure in project reports across programs and domains hinders the
extraction, coding, and analysis of impact-relevant information from texts from dif-
ferent domains. As project reports can be lengthy, most of the content is unrelated to
impact indicators, and impact descriptions are scattered throughout the texts, efficient
solutions are needed to handle this genre.

In this paper, we propose and evaluate a schema for impact classification of sci-
entific research. The resulting schema includes main- and subcategories for capturing
the impact of research projects on academia, the economy, society, culture, politics,
law, technology, and/ or the environment. Moreover, we show how our schema is appli-
cable to different scientific domains, including the natural science, engineering, and
the humanities. To tackle this challenge, we annotated a large dataset of over 45k
sentences extracted from research reports based on the classification schema we devel-
oped. These research reports, which include a variety of research tasks, methodologies,
and findings, are an important resource for measuring the the impact of scientific
research using text data as a source. However, they have rarely been used or shared
outside of academia. We further conduct an in-depth examination of our annotated
dataset and report the findings and insights, including label distributions, correlations,
keyword and example analysis, in order to answer the following research questions:
What are the most frequent impact categories in general and for each domain? Which
domain includes the largest amount of impact relevant sentences? And which words
and language patterns (per domain and in general) indicate impact? Our investiga-
tions leads to a deeper understanding of domain-dependent and domain-independent
patterns and features of scientific impact. Finally, using the annotated texts and the
novel classification schema, we investigate and compare the performance of different
large language models (i.e., model fine-tuning and few-shot prompting) for automated
impact classification.

In summary, this paper makes the following contributions: (i) Developing an impact
classification schema adequate for capturing and categorizing the academic and non-
academic impact of scientific research from different domains. (ii) Providing a large



dataset (>45k sentences extracted from scientific reports across domains)! that has
been annotated with main- and sub-categories of impact based on our classification
schema. This dataset can be used, for example, to identify and analyze cross-domain,
text-based evidence of the impact of scientific research within or beyond academia, and
training machine learning models for automatic impact detection and classification.
(iii) Presenting an in-depth, corpus-statistical, and linguistic analysis of text-based
evidence of impact and discuss how our insights can inform and facilitate future
work on the automatic analysis of impact using machine learning techniques. (IV)
Experimenting with state-of-the-art large language models and natural language pro-
cessing techniques to illustrate the opportunities and challenges for automated impact
classification.

The remainder of this paper is structured as follows: Section 2 gives an overview
of work related to (scientific) impact assessment and potential applications of LLMs
for impact classification. Section 3 describes our dataset, followed by the presenta-
tion of our annotation schema (Section 4) and a description of the annotation process
(Section 5). In section 6, we present the findings from our corpus-statistical and lin-
guistic analysis of our annotated dataset. In section 7, we present the results of our
experiments for automated impact classification using LLMs. Section 8 summarizes
our results and discusses limitations and future work, especially related to using our
annotations for automatic impact analysis.

2 Related Work

2.1 Impact Assessment

The private and public sectors have made significant investments to find answers to
the following questions: how can we measure the influence of research funding not
only on academia, but also on people and society, and what is that impact [15].
This paper focuses on the first question. Understanding and capturing this broader
impact requires a nuanced approach that combines both qualitative and quantitative
methods [4, 16]. This necessity also stems from the diverse nature of potential outcomes
of funded research, which can vary from policy changes to shifts in public attitudes
and direct impacts on health and wellness. As a result, there has been a strong focus
on evaluating the societal impact of research, which is becoming increasingly crucial
for stakeholders including funding agencies and governmental organizations who seek
to justify the societal benefits of their investments [17-20].

To assess the impact of research projects in academia, different approaches have
been proposed and widely used. Science of science, for instance, uses data-driven
methods to study how scientific research is conducted, examining factors like research
problem selection, collaboration patterns, and career development in science [21].
Bibliometric and altmetric approaches, on the other hand, offer robust, quantifiable
measures of research influence [22]. Solutions from the field of bibliometrics focus on
the statistical analysis of research publications and pertinent meta-data, using metrics
such as citation counts to infer the significance of papers, authors, institutions, etc.

1Our annotated dataset and annotation manual are available here: https://github.com/khan1792/
texttransfer.
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[23-25]. This approach has been complemented by the altmetrics movement, which
explores the broader digital footprint of research by capturing, for example, atten-
tion to research via online venues such as social media mentions, blog discussions, and
policy document citations [26]. Karanatsiou et al. [27] discussed the evolution from
bibliometrics to altmetrics, highlighting each approach’s strengths and weaknesses,
including susceptibility to manipulation, and emphasized the importance of a more
holistic approach that combines both for a more accurate measurement of research
impact. Erdt et al. [28] highlighted the value of altmetrics by analyzing 172 arti-
cles, demonstrating its multidimensional approach to evaluating research impact and
emphasizing the importance of integrating both citation-based and alternative mea-
sures in an increasingly digital world. Despite their advancements, bibliometrics and
altmetrics still face challenges in fully capturing the multifaceted impacts of research
on society, policy, and public discourse [29].

The academic community is increasingly focused on the broader impact of research
and grants beyond academia, with many scholars advocating for evaluations that go
beyond citation-based methods, recognizing that such metrics may not fully capture
the real-world influence of scholarly work [11, 12, 30-32] Penfield et al. [33] argues
for a more nuanced approach that integrates both short-term and long-term soci-
etal outcomes, addressing the challenges of quantifying impacts that extend beyond
immediate academic outputs. New methodologies are being developed to bridge these
gaps, including frameworks that map the pathways from research activities to societal
impacts. For example, the Kellogg Foundation’s Logic Model [34] and the Payback
Framework [35, 36] model impact as a journey involving stages such as research
activities and long-term societal changes. These models emphasize outputs, out-
comes, and broader impacts, suggesting a more comprehensive approach to impact
evaluation [20, 37].

To build on prior research and offer a more comprehensive, long-term, and multidi-
mensional view of impact, researchers have also proposed incorporating self-reported
data from funding reports to better assess the societal impacts of research [13, 14, 38].
These studies have focused on initiatives funded by agencies, such as the UK and US
National Science Foundation and Germany’s research councils, aiming to directly con-
nect research funding with societal outcomes, including technology adoption, health
advancements, and economic growth [39]. Langfeldt and Scordato [40] examined how
research funding agencies in Norway and other countries increasingly prioritize aligning
research with societal impacts. They highlighted mechanisms like performance-based
funding, which allocates resources based on measurable outcomes like citations or
patents, and targeted programs that direct funding to specific areas with high poten-
tial for societal benefits, such as health, technology, or economic growth. While these
approaches aim to ensure research directly contributes to societal goals, the authors
also noted challenges in implementing them, including the risk of bureaucratic pro-
cesses and balancing academic excellence with societal impact. Furthermore, Witt
et al. [13] introduced a new classification system to assess the broader implications of
scientific research, including its societal, political, legal, and economic effects. Their
system is designed to extend the evaluation of research impact beyond the academic
sphere to influence on finance, technology, and the environment using funding reports



as the input data. Similarly, Rezapour et al. [14] examined a set of project reports
and used supervised machine learning methods to identify impacts such as economic,
technical, socio-cultural, and political from the text. Bornmann [41] explored various
frameworks and methodologies, including public value mapping [42], to evaluate how
the societal impact of research can be effectively measured. The author also high-
lighted the inherent challenges of measuring societal impact, pointing out difficulties
similar to those raised by Langfeldt and Scordato [40], including the tension between
maintaining academic rigor and achieving societal relevance. While these studies have
significantly advanced our understanding of the societal impacts of research funding,
there remains a gap in evaluating the long-term and multi-dimensional impacts across
different disciplines.

Our research builds upon previous work in this field. While most prior work has
concentrated on assessing and extracting various types of scientific impact from a
single research domain, our study broadens the scope by introducing a cross-domain
impact framework that transcends the limitations of previous methodologies.

2.2 Automated Text Classification

Classifying texts to enhance the information available for analysis is a common
approach in academic research and impact assessment [4, 14]. Over the past decade,
automated classification models have become increasingly popular across various fields
[43, 44] to reduce the labor and time required for categorizing large volumes of text
data.

In recent years, the transformer architecture has become the most popular choice
for developing text classification models, largely due to the transformers’ superior
performance over traditional machine learning or deep learning methods like support
vector machines, gradient boosting, and recurrent neural networks [45]. Researchers
have trained many large-scale transformer-based models using vast amounts of data,
with the most notable models being the Bidirectional Encoder Representations from
Transformers (BERT) [46] and Generative Pre-trained Transformer (GPT) families
[47].

Significant efforts have also been made to adapt these general pre-trained models to
scientific texts, involving fine-tuning existing pre-trained language models on domain-
or task-specific data to leverage both the pre-existing knowledge in the model and the
new knowledge from the specialized dataset [48-50]. For instance, SciBERT [49], a
language model tailored for scientific text through fine-tuning BERT on a large corpus
of scientific publications, has become one of the most widely used models for scientific
document categorization [51, 52]. Additionally, benchmark datasets such as SDPRA
2021 [53] and arXiv [54] have been developed or adapted to aid in model training,
fine-tuning, and performance evaluation.

Despite the success of transformer-based models in scientific text classification,
challenges remain: Pre-trained models and benchmark datasets are often concen-
trated on a narrow range of domains, primarily Computer and Biomedical Sciences,
leaving other fields, particularly the humanities and social sciences, under-resourced
[65]. As a result, directly applying pre-trained models may lead to significantly lower
classification performance in these areas. Fine-tuning on a substantial amount of



domain-specific data becomes essential when addressing classification tasks in these
low-resourced domains [55, 56].

With the advent of LLMs like ChatGPT since 2023, zero-shot and few-shot learning
have gained significant popularity among researchers [57, 58]. LLMs have been shown
to outperform traditional models, mainly for two reasons. First, they are trained on
vastly larger datasets and therefore have a significantly greater number of parameters.
Second, they can process instructions and examples in natural language, guiding the
model to perform specific tasks more effectively. However, recent studies have shown
that these LLMs still disproportionately rely on high-resource fields, as knowledge
and texts from these fields appear more frequently in training data. This limits their
performance in low-resource fields [59], even though they generally achieve higher
performance compared to previous pre-trained models [60].

In the field of impact classification, previous studies have used traditional machine
learning methods, such as random forests and support vector machines, to identify
impact categories from scientific project reports [14]. However, the potential of LLMs
for impact classification remains largely unexplored. We therefore conduct a series of
experiments to evaluate the impact of fine-tuning, as well as zero-shot and few-shot
learning, on the prediction accuracy of state-of-the-art models like BERT, Llama2,
ChatGPT, and GPT-4 on our annotated data and classification schema.

3 Data

3.1 Corpus Creation

Upon completion of a research project or grant, the results are usually summarized
into a digitally archived project report (typically ranging from 50 to 150 pages). Many
funding agencies require such a report. In addition to research tasks, methodologies,
findings, and conclusions, these reports may also explain the research’s necessity and
potential applications. These reports build the empirical basis of this work. We con-
sider final research reports of publicly funded research projects from the fields of
artificial intelligence, mobility, linguistics, and musicology, accessible through the Leib-
niz Information Centre for Science and Technology (TIB)?. All reports are in German.
The selection of these four domains allows an assessment of potential impact across
different disciplines; from the natural sciences to engineering and the humanities. We
collected a corpus of reports for this study based on the following criteria: 1) completed
between 2005 and 2015, 2) publicly funded, 3) with two to ten collaborators, and 4)
with at least one academic project partner. Each project can consist of more than
one report, such as a final joint report and individual reports from different project
partners. To avoid duplication and redundancy, we only consider final joint reports for
annotation. Our corpus consists of 1,160 German research reports, with 497 reports
from AI, 515 from mobility, 89 from linguistics, and 59 from musicology.




3.2 Data Preprocessing

Originally in PDF format, the texts were first converted into text files using a Python
package textract. All non-textual data such as pictures or complex mathematical type-
setting were removed. Subsequently, the texts were divided into passages using special
tokens such as line breaks and section headings that typically indicate transitions
between paragraphs.

To facilitate the analysis of lengthy reports and text labeling, we used the pipeline
provided by [61] for identifying those sections in project reports that indicate potential
impact. The framework first removes passages irrelevant for impact analysis, such as
tables of contents (ToCs), bibliographies, headings, captions, and lists, using heuristic
such as captions and the length of passages. A model that had been trained for for
impact-relevant passage detection in a supervised manner is then used to automatically
select those passages that indicate potential impact. This model relies on text passages
from research reports that had been manually labeled in a binary way (impact-relevant
vs. not impact-relevant), and these data were then used to train a random forest model
to automatically predict if a given passage is impact-relevant or not. Further details
on this methodology can be found in Becker et al. (2024).

Finally, the passages classified as potentially impact-relevant were split into sen-
tences. Each sentence was manually annotated with impact categories as described
next.

4 Bottom-Up Development of the Annotation
Schema

To develop an annotation schema suitable for capturing and categorizing types of
impact from project reports across and beyond domains, we first analyzed the struc-
ture and linguistic patterns of mentions, representations, and indicators of impact
in our corpus. In these reports, impact-indicating content can be embedded in the
description of methods and processes employed in a project or can be explicitly artic-
ulated by authors in the sections on outcome or an impact statement. We developed
an annotation schema empirically, i.e., in a data-driven, bottom-up way: We initially
provided human annotators, who were students with a background in (computational)
linguistics, with guidelines that introduced the goals of our annotation project and
impact definition (see Section 1). At this coding stage, we did not give any pre-defined
categories to the annotators. Instead, we provided all annotators with a few identi-
cal passages from 12 reports (3 reports from each domain) and asked them to closely
read the passages, mark up sentences that indicate any type of impact, and suggest
labels for the types of impact they identified; allowing for main and sub-categories. We
then systematically compared and discussed the annotations with our team members
and consolidated the suggested categories. One emerging focal point of our discus-
sion was whether each impact category was applicable across domains or if we needed
different annotation schemes for different domains. Another focus lied on comparing
our detected categories to existing impact schemes, in particular the PESTEL schema
introduced in Section 1.



Impact Categories. Based on the proposed categories and comparison with the
PESTEL schema, we converged on seven main categories with various subcategories
of impact. These categories are applicable across domains. We iteratively tested and
refined this schema in various data sessions, where project leaders and annotators
jointly discussed initial annotations and cases of doubt. The resulting schema along
with a short explanation of each category is shown in the following and examples for
each domain in Table 1.

Societal Impact: Effects of a project on societal events, groups, or institutions)

Culture/Events (Organization of (cultural) events, workshops, performances, etc.)
Education (Education or training, e.g., new learning methods for schools)
Physical Health (Alleviation/reduction of diseases, vaccination campaigns, etc. )
Life Quality (Mental health, e.g., reduced depression, work-life balance)

Safety (Traffic safety, hazard prevention, etc.

City Facility (Public buildings, properties, parks, open spaces, vehicles, etc.)
Mobility (freedom of movement and mobility )

Political & Legal Impact: Usage of project results in political/legislative contexts

¢ Regulations (Political regulations and deregulations)
e Laws (Development/contributions/amendments to laws/legal regulations)

Ethical Impact: Ethical effects of a project

¢ Awareness (Establishment/increase of awareness, perception, or attitudes)
¢ Justice (Establishment/improvement of justice and equality)
¢ Data Policy (Data privacy, Open Access)

Economic Impact: Utilization of project results for economic/financial developments

Business Models (Development of business models or other economic strategies)
Income (Generation/increase of income, new positions (outside university))
Employee Satisfaction (Staff Contentment, service quality)

Optimizing Processes (Enhancing processes in the economic/business sector)

Environmental Impact: Effects of a project on ecological or environmental aspects

¢ Climate Protection (Environmental/climate/conservation protection)
¢ Sustainability (Sustainability of products, methods, etc.)

Technical impact: Effects of technologies/models/data developed in the project

¢ Protoytype (Development of software prototypes)

e Model Development (Development of models/algorithms/methods)

e IT Security (Establishment/improvement of IT security)

¢ Documentation (Technical documentation)

e Data Collection/Release (collection, release or publication of datasets)

Other: Types of non-academic impact that do not fit into the other main categories

¢ Product Development (Development or improvement of a product)



PR/ Visibility (Promotion/other methods to increase the visibility of the project)
Knowledge Acquisition (Obtaining knowledge through the project)

Knowledge Transfer (Transfer of knowledge gained in the project to other areas)
Collaborations (Establishment/improvement of collaborations beyond academia)

Academic Impact: Effects within the academic domain

Income Academia (Income of research institutions, funding for team members)
Research Methods (Development/application of new research methods)
Learning and Teaching (New/improved learning/teaching methods in academia)
Publications (Publication of research results e.g. in journals, books, conferences)
Academic Events (Organization of academic events, e.g., workshops, conferences)
Collaborations (Formation/improvement of collaborations/networks in academia)
Future Research (Opening up new perspectives for future research projects)
Knowledge Acquisition (Acquisition of academic knowledge through the project)

Our schema distinguishes between academic impact and impact beyond academia.
The latter comprises the main categories of Societal Impact, Political and Legisla-
tive Impact, Ethical Impact, Economic Impact, Environmental /Ecological Impact,
and Technical Impact. We also introduce the main category Other, which comprises
subcategories beyond any of the main categories.

5 Top-Down Annotations of Impact Categories

Our annotators then labeled the text passages classified as impact relevant in the first
step of our approach (cf. Section 3.2) according to the novel set of impact categories
that we developed in a top-down approach. Considering the cost and time to compre-
hensively read and annotate lengthy reports, we opted for sentence-level annotation,
while providing the annotators with the context of each sentence. Prior studies have
proven that sentence-level annotation can reduce workload and tediousness. For exam-
ple, a previous study in political science [62] demonstrated that employing non-expert
annotators to annotate sentences from texts in the domain of politics could efficiently
and cost-effectively yield accurately annotated information.

We build a codebook that lists and explains the main and subcategories of impact
with examples and detailed instructions for the annotation process.?

For the annotation process, we used the annotation tool INCEpTION* which
supports server-based, collaborative manual annotations of texts with customized
annotation schemes (tagsets). Through this process, we created a custom tagset con-
taining all the annotation categories defined in the codebook. The annotations are
at the sentence level, and the annotators were instructed to consider each sentence
independently, meaning that concrete indicators of impact must be present within
the sentence itself. During annotation, the annotators were asked to select the most
appropriate main and subcategory of impact per sentence. If more than one cate-
gory were equally suitable, they could choose more than one label (both from the

3The codebook together with the annotated dataset can be found here: https://github.com/khan1792/
texttransfer.
4https://inception-project.github.io/
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Table 1 Examples for the impact categories identified from our corpus.

Sentence Domain Main Sub
Category | Category

To conclude the workshop, the participant gave a concert | Musicology | Societal Culture/

at the Old Town Festival, where children could sign up for Events

future courses.

The insights gained from the analyses were presented to the | Al Political/ Regulations

Federal Ministry of Education and Research. Legal

The developed battery lasts an average of 5 years longer | Mobility Environ- Sustain-

than conventional batteries, contributing to reduced elec- mental/ ability

tronic waste in this way. Ecological

We demonstrate the impact of migration on the develop- | Linguistics | Ethical Justice

ment of individual and social values as central aspects of
youth identity.

We can offer an effective and robust algorithm for extract- | Linguistics | Technical Model
ing profession-specific information from English and Ger- Develop-
man texts. ment
Optimization of the module led to greater satisfaction | Al Economic Employee
among test users. Satisfac-
tion
One of the most interesting and important results is | Musicology | Other Collabo-
undoubtedly the collaboration with teachers from high rations

schools, which differs from division-of-labor forms of coop-
eration and enables equal participation.

We propose a new, semi-automated research method for a | Linguistics | Academic Research
contrastive comparison of German and English grammars. Methods

main and subcategories). For sentences where annotators identified a main category
but no matching subcategory, the subcategory Other must be selected for each main
category.® If a sentence does not convey any impact-related content, the annotators
had to assign the label No Impact. For each sentence to which an impact category
was assigned, the annotators were asked to assess how significant the impact was;
distinguishing between high, moderate, or low impact.

We trained a team of four student assistants with a background in linguistics in
multiple sessions for the annotation process. None of them participated in the bottom-
up coding process that was described in Section 4. These sessions included an overview
of our project, the impact in academic texts, the codebook, and the annotation tool,
training in how to do annotation, and discussions of initial annotations. We conducted
the annotations in two phases:

The first phase primarily served for training the annotators, validating and fine-
tuning the annotation manual, enhancing annotator agreement, and improving the
quality and reliability of the annotations. In this phase, a selected subset of 3,000
sentences from all four domains was annotated independently by two annotators per
sentence. We divided the data into three packages (with 1,000 sentences each) and
discussed the annotations in several sessions after the completion of annotating each
package. If necessary, we refined the guidelines by adding more concrete instructions

5E.g. for a sentence which belongs to the overarching category of Societal Impact, but not falling under
any of the specified subcategories, the main category Societal Impact and the subcategory Other has to be
labeled.
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B IMPACT-CATEGORIES ~ W OTHER-MAIN  m NO-IMPACT

TOTAL 26,44

MUSICOLOGY 26,98

LINGUISTICS
MOBILITY 19,66
Al 24,43

Fig. 1 Ratio of impact indicating sentences in our dataset, numbers in %.

or examples. We continuously measured the agreement of the annotations after com-
pleting each package and observed an increase in agreement among annotators for
label assignments. The Cohen’s Kappa score for the first text package was 34.68, which
increased to 52.83 for the second package. For the last package, we finally observed
a Kappa score of 74.48, which we interpret as a high level of agreement, given the
complexity of the texts and our annotation schema. This suggests that our annotation
schema adequately and distinctly captures and categorizes impact in project reports
from different domains. It also indicates that the task is described and illustrated suffi-
ciently in our codebook. Sentences with disagreement from this first annotation phase
were finally adjudicated by an expert annotator (one of the authors).

After achieving a high level of agreement, we turned to the second annotation
phase, where the remaining documents were annotated by a single annotator each.
The combination of these two annotation stages allowed us to ensure the quality and
reliability of the annotations, as well as an efficient way of manually coding huge
amounts of texts with impact categories.

6 Data Statistics and Analysis

The outcome of our annotation process is a dataset tagged with different impact cate-
gories and subcategories, which builds the basis for the corpus-statistics and linguistic
analysis of text-based evidence of impact, as presented in this section. Since our origi-
nal dataset is very large and unbalanced in the number of research reports per domain
(56,056 sentences in sum, where 54% of the sentences are from the domain Mobility,
37% percentage from AI, 5% from Linguistics and 4% from Musicology), we annotate
a subset of 45,763 sentences, where 12,206 sentences were sampled from the domain
mobility, 9,648 from AI, 11,126 from linguistics, and 12,783 from musicology.
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EmHIGH = MEDIUM Low

TOTAL 12,65 55,37 31,98

MUSICOLOGY 20,95 51,57 27,47

LINGUISTICS :EE EN 22,91

MOBILITY Rk 49,66 49,21

Al 24,88 40,09 35,03

Fig. 2 Intensity of impact (for all sentences labeled as impact-relevant), in %

6.1 Ratio and Intensity of Impact Indicating Sentences

Figure 1 shows the number of sentences that were annotated as any one of the seven
main impact categories, as Other, or as No impact. The Figure shows the distributions
at the corpus and domain level, respectively. Overall, about a third (34.03%) of the
sentences represent evidence of impact (impact-categories + other-main), while the
majority of sentences (62.82%) were labeled as not being impact-relevant. 8 Linguistics
is the domain with the highest amount of impact indicating evidence (measured by
the number of sentences), while mobility and AT have the lowest amount of text-based
evidence of impact.

Table 2 Intensity of impact: Examples from our dataset.

Sentence ‘ Intensity‘ Domain
Specifically, the performance of the component has been significantly | high Al
improved.

The new structure facilitates an overview of the currently available technical | medium Linguistics
documentation.
The example of GAT makes it clear that trust and experience are guiding | low Al
principles for the employees.

Figure 2 shows the intensity of the impact. Overall, the majority of sentences
were rated as indicating moderate impact (55%), 13% of the sentences were considered
as expressing high impact, and 32% of the sentences as indicating low impact. Table

8This can be traced back to the fact that when choosing the model for extracting the passages for
annotation (cf. Section 2.3), we chose a model with a wide scope of coverage (high recall) instead of a
model with high precision. This is because we wanted to keep as many instances as possible for text-based
evidence of impact in our dataset, and during manual coding, annotators can still filter out sentences that
is not relevant to impact.
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Al MOBILITY LINGUISTICS MUSICOLOGY

EACADEMIC
EECONOMIC
ENVIRONMENTAL
ETHICAL
ELEGAL
ESOCIETAL
ETECHNICAL

Fig. 3 Distribution of impact categories among domains, in %.

2 gives examples for these three categories. Note that all examples are originally in
German and were translated into English by the authors. We find large differences
between the domains: Out of all impact indicating sentences, sentences indicating
strong impact have an above-average proportion in musicology (21%) and AI (25%)
and account for 3% in linguistics and 1% in mobility.

6.2 Distribution and Co-Occurrences of Impact Categories

Figure 3 shows the distribution of the main categories (excluding the categories
Other and No Impact) across the considered domains. We find the distributions of
impact categories ti be domain-specific: in Al and mobility, a substantial number of
sentences represent technical and economic impact, whereas the majority of sentences
in the domains of linguistics and musicology mention academic impact. Ethical, legal,
and environmental impact do not play an important role in any of these domains.
Societal impact is most prevalent in mobility reports. Interestingly, economic impact
is an important category in musicology while it occurs rather rarely in linguistics.”

As described in Section 5, our annotators could choose more than one impact
category per sentence. While the majority of the sentences in our sample (11,584
sentences) were annotated with one impact category, out of all sentences labeled as
impact indicating, 1,846 sentences (14%) are annotated with 2 labels, 175 sentences
(1%) with 3 labels, and 14 sentences (0.1%) with 4 labels.

Figure 4 shows the co-occurrences of labels in our dataset, and Table 3 pro-
vides examples of sentences annotated with frequently co-occurring labels. Technical
impact frequently co-occurs with academic as well as economic impact. This applies
in particular to sentences from AI and mobility, where Technical Impact and Eco-
nomic Impact are the most prevalent labels (cf. Figure 3). Closer examination of
corresponding instances and respective subcategories of the combination of economic
and academic impact (123 co-occurrences) and economic and societal impact (132
co-occurrences) showed that economic impact related to employee satisfaction often
co-occurs with societal impact (second example in Table 3). When co-occurring with
academic impact, economic impact often refers to optimizing processes (cf. example 3

7An example from our dataset for a sentence expressing economic impact in musicology is the following:
The result is internationally competitive production in order to open up new interest groups and sales
markets.
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in Table 3); strengthening the assertion that optimizing processes is important in the
the private sector and academia in Germany.

These results underline that even though our impact category schema is designed to
be as exclusive and exhaustive as possible, there are still some cases where impact cat-
egories overlap. This, in turn, can be attributed to the broad spectrum and variability
of the impact of scientific research.

6.3 Signal Words

Figure 5 gives an overview of the most frequent words for each main category. We
lemmatized the texts and removed stopwords using spaCy. We find that all categories
contain words that indicate impact in general (marked in yellow), such as Ziel (goal),
Ergebnis (result), and Beitrag (contribution). In each domain, we also find words
that can be interpreted as indicators for a specific category of impact (marked in
green), such as Wissenschaft (science) for academic impact, nachhaltig (sustainable)
for environmental impact, and implementieren (implement) for technical impact.
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Fig. 4 Symmetrical heatmap of co-occurring impact labels, absolute numbers.
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Table 3 Examples of co-occurring impact labels from our dataset.

Sentence ‘ Main + Sub Category ‘ Domain

The material selection and process control have | ECONOMIC: Optimizing Processes; | Al
been optimized to the extent that hollow cylinders | TECHNICAL: Prototype
with a density of approzimately 95% and a length
of approzimately 20 mm can now be reliably and
reproducibly manufactured.

As part of the research project DigiLernPro, dig- | ECONOMIC: Employee Satisfac- | Al
ital tools have been developed to assist users in | tion;

creating learning scenarios and enabling intelli- | SOCIETAL: Education;
gent playback of scenarios. TECHNICAL: Prototype

Participation in the network supported by QPL | ACADEMIC: Collaborations; Musicology
has enabled the development of more specific and, | ECONOMIC: Optimizing Processes
consequently, more suitable methods for music

conservatories.

academic economic environmental |ethic legal societal technical

projekt 583 moglich 217|nachhaltig 52|ziel 29|rechtlich 15 [z3el 142 |entwickeln 475
ergebnis 455 [neu 212|neu 16|thema 24|ziel 13|projekt 108|projekt 318
weit 326 junternehmen 169[ziel 16|entwicklung 18 |rahmenbedingung 9|méglich 89|entwicklung 291
rahmen 326 (ziel 161|optisch 12|sgzial 18|betrieb 9|schiiler 87|ergebnis 27X
kénnen 325|projekt 155|konzept 11 |mdglich 16/méglich 8|kénnen 79| rahmen 255
wissenschaft 287 wirtschaft 153(méglich 10|hochschule 16|technisch 8|entwicklung 78 |neu 234
bereich 243|entwicklung 133|technisch 10|fh 16|rahmen 8|ergebnis 74|ziel 231
entwicklung 231|ergebnis 129|hersteller 9|umgang 14 |entwickiung 8|rahmen 68 |kénnen 229
ziel 208 [weit 117|rahmen 9|aspekt 13|neu 8|neu 66|weit 227
digital 207 [kénnen lle|betrieb 9|technisch 13|projekt 7|teilnehmen 54|mdglich 207
entwickeln 206 |entwickeln 113|nutzung 9|stark 12|daten 7 [weit 63|daten 203
neu 199 rahmen 107|arbeit s 12|organisator 7|angebot. 59|verfahren 181
méglich 196 [nutzen lo6[lentwicklung 8|projekt 12|ergebnis 6lentwickeln 57|erstellen 172
hochschule 172|prozess %llergebnis 8|daten 12|werein 6|nutzen 53|basis 159
kooperation 170|region 88|vorhaben 7| apps 12|nachhaltig 6|sffentlich 52|technisch 151
universitat 169 |bereich 87[mobilitat 7|studieren 12|grundlage 6lelektromobilit 51|gross 138
arbeit 162|geschaftsmodel 32|langfristig 7| ké&nnen 11[jurist 6|bereich 46|implementieren 131
durchfihren 161 |gress 8l|beitrag 7 (weit 11 kénnen 5|durchfihren 44|analyse 131
verschieden 157|international 80|deutlich 7|datenschutz 11|erméglichen 5|kind 40|automatisch 130
gemeinsam 157 [kunde 79|reduzieren 6 |nutzer 11 [priifen 5|zukunft 38|digital 126

Fig. 5 Most frequent words per impact category (absolute numbers).

Building on signal word analysis and as a first step towards probing the feasi-
bility of automatically classifying impact in research reports, we then applied a
topic model to our data. We used BERTopic [63], which leverages BERT embeddings
to create dense clusters for a given document or several documents in order to find
groups of semantically similar topics. Once clusters are formed, a class-based TF-IDF
approach is applied to extract the most relevant keywords for each topic.

Figure 6 shows the selected terms for each detected topic. While some topics (e.g.,
topic 0 or 1) include mostly scientific vocabulary (e.g., Projekt (project)) or gen-
eral impact indicating words (e.g., Ergebnisse (results)), we find topics that can be
mapped to impact categories from our schema, e.g., topic 2 includes terms that hint at
societal/cultural impact, while the terms included in topic 6 indicate economic impact.

These results show that even a simple, unsupervised topic modeling approach based
on a large language model such as BERT and without any hyperparameter tuning or
other adaptations is able to detect and distinguish certain impact categories of our
schema from texts, which can be interpreted as support for our proposed classification
schema.
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Topic O Topic 1 Topic 2 Topic 3

ergebnisse _ rahmen _ musicon _raunschweig _
daten _ entwicklung _ ontology _ straBenverkehr _
rahmen _ bzw _ music - famos —
durchgefihrt _ ziel _ business - einbindung _
0 0.005 0.01 0.015 0 0.005 0.01 0f 0.4 0.2 0.3 0.4 0 0.05 0.1 0.15
Topic 4 Topic 5 Topic 6
neusta _ nan _ stakeholder
solutions _ rehabil _ alpha
gmbh _ dosen _ stakeholders
euro _ markovic _ ziele
0 0.1 02 03 0 0.2 0.4 0 0.5 1

Fig. 6 Clusters from all sentences annotated as impact relevant from the project reports. The clusters
together with the most relevant keywords for each are created with BERTopic (without using the
annotations).

7 Automated Classification Experiments

We investigate the performance of large language models (LLMs) for the task of auto-
mated impact classification. This task can be described as a multiclass classification
task on the sentence level. We used two widely adopted families of open-source mod-
els (BERT and Llama) as well as the most widely used commercial models (ChatGPT
and GPT4). Specifically, German BERT [64] is a well-established tool for German
classification tasks, and Llama2-chat models [65], ranging in scale from 7 billion to 70
billion parameters and serving as an open-sourced counterpart to commercial model
ChatGPT and GPT4, are widely used state-of-the-art LLMs for various tasks and
languages.®

7.1 Approaches and Models

To apply these models to our downstream classification task, we considered two main
approaches: 1) fine-tuning with sentences and 2) few-shot or zero-shot learning. Tra-
ditionally, prior to the development of LLMs such as ChatGPT, GPT-4, and Llama2,
fine-tuning was the preferred method for models like BERT when ample annotated
data and computing resources were available because fine-tuning typically achieved
significantly better performance than few-shot or zero-shot learning [66]. However, the
advent of pretrained LLMs with billions of parameters, trained on extensive datasets
and capable of handling various tasks and domains, has shifted the paradigm towards
zero-shot and few-shot learning [66, 67]. Therefore, in our experiments, we used zero-
shot and few-shot learning on Llama2, ChatGPT, and GPT4, and fine-tuning on both
BERT and Llama2 models.

8The code for fine-tuning the models together with the prompts can be found here: https://github.com/
khan1792/texttransfer.
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® Zero-shot and few-shot learning: In recent studies and applications of LLMs,
prompt-based learning, also known as zero-shot and few-shot prompting, has
emerged as the most widely used technique, which directly models the probability
of previous text to predict next words [67]. We also embrace this approach in our
experiments. We conduct our experiments based on Llama2-chat-70b through an
API provided by Replicate’ as well as gpt-3.5-turbo and gpt-4 through an API
provided by OpenAl. For zero-shot prompting, we provided the model with a task
instruction, a classification schema, and a sentence to generate the prediction:

(1) You will be provided with a text that possibly outlines the impact of a research
project.

(2) We define impact as an effect of scientific activities within academia or beyond
the academic field, e.g. on the scientific field, economy, society, culture, politics,
law, technology or the environment. In a report, impact may be represented by
describing methods and routines implemented for a project, or by the impact that
authors anticipated when writing their final reports. This means that estimated
impact 1s also considered as impact. Impact could also be the maintenance or the
avoidance of change.

(8) Your task is to assign one impact category to the text from the following options:
(4) NO-IMPACT: the sentence does not express any impact.

TECHNICAL IMPACT: refers to technologies that are used outside of the original
project, e.g. software prototype development, Improving IT security, or data release
ECONOMIC IMPACT: refers to the use of research results for economic develop-
ments, e.g. development of business models, service quality, or economic strategies
ACADEMIC IMPACT: refers to impact within academia - within or beyond the
own field/institution, e.g.improved learning and teaching, new research methods, or
publications

SOCIETAL IMPACT: occurs when a project influences societal groups or insti-
tutions like schools, local authorities, foundations, or clubs, refugees/migration,
religious persecution, etc.

POLITICAL-LEGISLATIVE IMPACT: refers to using the project results in politi-
cal or legislative contexts, e.g. contributions to laws or political requlations
ETHICAL IMPACT: refers to ethical impact, e.g. equality, awareness, or charity
ENVIRONMENTAL IMPACT: refers to changes of ecological or environmental
aspects, e.g. climate protection, protection of species, or sustainability of products
OTHER: any sentences that express impact, which are not captured by the other
categories.

(5) Simply return one category without any explanation.

(6) Sentence: <Sentence>. Answer:

We also tested shorter prompts, including removing definitions of impact categories
in (4) and removing the definition of the term “impact” (2).

Few-shot prompting follows a similar structure, and the prompt includes one
example for each category:

9https://replicate.com/meta/llama-2-70b-chat/api
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(1) - (6)

(7) For example:

Sentence: <NO-IMPACT sentence> Answer: No-IMPACT
Sentence: <TECHNICAL sentence> Answer: TECHNICAL

Sentence: <OTHER sentence> Answer: OTHER
Sentence: <Sentence> Answer:

¢ Fine-tuning: We fine-tune the Huggingface version of BERT!' and Llama2'!
models using a training set with pairs of task prompts and answers. For BERT,
considering that all classification tasks (main category, sub-category, and intensity)
involve multiclass classification, where each sentence is assigned only one class, the
output from the encoder layer can be forwarded to the Linear and Softmax functions
to determine the most probable label. Additionally, the structure of the training set
for BERT models is straightforward: The prompt is a sentence, and the answer is
an annotated category. Fine-tuning Llama2 models is particularly challenging due
to their substantial number of parameters as the smallest Llama2 model has 7 bil-
lion parameters and since many researchers, including us, have limited computing
capacity available to them. To address this limitation, we used a newly developed
Quantized Low-Rank Adaptation (QLoRA) method for fine-tuning. This method
introduces 4-bit NormalFloat (NF4) quantization and double quantization tech-
niques to reduce memory usage and enhance parameter efficiency during fine-tuning
[68]. We used QLoRA to fine-tune the Llama2-chat-7b model. The structure of
the training set follows zero-shot prompt is described in Zero-shot and few-shot
learning.

7.2 Data Splits

Testing, validation, and training sets for model evaluation and fine-tuning are con-
structed as follows to address the imbalanced category distribution described in Section
6:

® Testing set: We randomly selected 5,391 sentences from our annotated corpus
as the testing set. These sentences were used to investigate the performance of
fine-tuned models as well as zero-shot and few-shot promoting for LLMs.

® Validation set: We randomly selected 7,257 annotated sentences from the corpus
and then under-sampled sentences with the NO-IMPACT category to match the
number of sentences in the second most frequent category (i.e., TECHNICAL).!?
This resulted in 2,327 annotated sentences in the validation set.

® Training set: We used both under-sampling and over-sampling methods on the
corpus excluding the testing and validation sets as classes in our data are highly
imbalanced (see Section 6.2). Specifically, we first under-sampled impact-irrelevant

10https://hug;gingface4co/g;oogle—bert/‘bert—bza‘se—g;elrman—cased

Hhttps://huggingface.co/docs/transformers/en/model_doc/llama2

2We experimented with this under-sampling approach as well as using the validation set without
sampling and did not observe significant differences in the performance of fine-tuned models.
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sentences (labeled as NO-IMPACT) by randomly selecting 10,000 instances, and
then over-sampled the minority impact categories using the Synthetic Minority
Oversampling Technique (SMOTE), which duplicates examples in each minority
category until the number of examples matches that of the majority impact category
(i.e., ACADEMIC).!3 This resulted in a total of 35,384 sentences in the training
set, with 12,527 unique impact-relevant sentences and 22,857 duplicates of minor-
ity categories. Among the 12,527 unique impact-relevant sentences, around 59% of
sentences were relevant to academic or technical impact.

In addition to the original annotated data, we also conducted experiments after
removing all sentences with NO-IMPACT category since people may have clean data
in which every sentence indicates an impact. NO-IMPACT was removed from the
prompts accordingly.

7.3 Results and Observations

Table 4 shows the performance of various models in terms of accuracy and F1 scores
for classifying main categories. In the following, we summarize the results and draw
conclusions from our observations.

(I) Original LLMs may not work well for low-resourced fields and novel
classification schemas: Llama2 and ChatGPT exhibited low performance (accuracy
and F1 below 0.17) in both zero-short and few-short prompting when the dataset con-
tained impact-irrelevant sentences (labeled as NO-IMPACT) and the prompt lacked
definitions for individual impact categories. While adding a definition for “impact” to
the prompts slightly increased classification performance, incorporating detailed defi-
nitions of these categories in the prompt significantly improved their accuracy and F1
scores to the range of 0.35 to 0.4. GPT-4 performed better than Llama2 and ChatGPT,
achieving higher accuracy and F1 by approximately 0.1-0.15. These models frequently
misclassified “NO-IMPACT” instances as “TECHNICAL” or “ACADEMIC”. Sen-
tences from research projects often contain technical or academic content that does
not reference impact. This indicates a limitation in the model’s ability to grasp the
concept of “impact”, leading it to classification based at least partially on broader
topic categories rather than only impact categories.

Removing impact-irrelevant sentences improved classification performance. How-
ever, even without impact-irrelevant sentences, the model’s accuracy and F1 scores
only reached around 0.49-0.0.57, with GPT-4 having the best performance. Addition-
ally, few-shot prompting with concrete examples outperformed zero-shot prompting
in most scenarios, even though the improvement is often minimal and not always con-
sistent. This finding is aligned with prior research: Given that the training of LLMs
heavily relies on word distributions of training data in high-resource fields, they may
struggle to perform well in tasks with rare or out-of-vocabulary words including in
low-resource fields [59)].

(IT) Without fine-tuning, free and open-source LLMs achieved slightly
lower performance than commercial LLMs in most tested cases: Even though

13We experimented with various under-sampling and over-sampling strategies as well as using the original
data. This strategy yielded optimal performance.
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Table 4 Model Performance of Prompting and Fine-tuning. Subscript ¢
and 4 means adding definitions of the concept “impact” and “individual
impact” in prompts, respectively. Subscript sub means this is a
classification model for sub-categories. “With No-Impact” and “W /o
No-Impact” in the column Data indicate whether the data contains
impact-irrelevant sentences or only impact-relevant sentences, respectively.

Accuracy (F1)

Method Model
w/ no-impact  w/o no-impact
Llama2-chat-70b 0.13 (0.08) 0.49 (0.42)
Llama2-chat-70b; 0.15 (0.13) 0.49 (0.44)
Llama2-chat-70by; 0.16 (0.14) 0.49 (0.45)
Llama2-chat-70bg,,  0.08 (0.08) 0.25 (0.23)
ChatGPT 0.17 (0.11) 0.53 (0.47)
Zero-shot ChatGPT; 0.18 (0.13) 0.54 (0.48)
ChatGPT;; 0.36 (0.40) 0.54 (0.48)
ChatGPT 0.09 (0.08) 0.29 (0.28)
GPT4 0.29 (0.31) 0.54 (0.48)
GPT4; 0.30 (0.32) 0.55 (0.49)
GPT4;; 0.49 (0.50) 0.56 (0.53)
GPT4,u 0.13 (0.13) 0.34 (0.32)
Llama2-chat-70b 0.15 (0.10) 0.53 (0.49)
Llama2-chat-70b; 0.14 (0.09) 0.53 (0.49)
Llama2-chat-70b;; 0.19 (0.17) 0.54 (0.50)
Llama2-chat-70bg,p 0.11 (0.09) 0.31 (0.28)
ChatGPT 0.15 (0.14) 0.54 (0.49)
Few-shot ChatGPT; 0.15 (0.14) 0.53 (0.48)
ChatGPT;; 0.23 (0.21) 0.55 (0.50)
ChatGP T, 0.11 (0.10) 0.31 (0.29)
GPT4 0.30 (0.31) 0.56 (0.50)
GPT4; 0.30 (0.31) 0.57 (0.52)
GPT4;; 0.46 (0.50) 0.57 (0.53)
GPT44y 0.15 (0.14) 0.35 (0.34)
Llama2-chat-7b 0.62 (0.65) 0.61 (0.62)
Fine-Tuning Llama2-chat-Tbgqp 0.49 (0.46) 0.43 (0.41)
BERT 0.72 (0.74) 0.65 (0.64)
BERT, ., 0.58 (0.64) 0.46 (0.43)

ChatGPT is currently the most widely used LLM, free and open-source models may
achieve similar performance. In our experiments, while Llama2-chat-70b performs
slightly worse than ChatGPT (by up to 0.05) in all zero-shot scenarios (except for task
with the “no-impact” category), their accuracy and F1 scores in most few-shot scenar-
ios were very similar. GPT-4 had a better performance than ChatGPT, but was more
expensive to use [60]. Given the high cost of commercial models, free and open-source
LLMs with few-shot learning prompting can be a viable option for specific tasks when
compute power is limited.

(III) Fine-tuning is an preferred approach over zero- and few-shot
prompting: Fine-tuning is thus the preferred approach to automated classification
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for low-resouce fields and/or novel classification schema as the model can learn knowl-
edge from our annotated data. Our results show that the fine-tuned Llama2 and
BERT models have significantly higher accuracy and F1 scores than zero- and few-
shot prompting using Llama2-chat-70b, ChatGPT, and GPT-4 by at least 0.08 in all
cases. This highlights the importance of diligent manual annotations as the empirical
basis for the impact classification task, which is one of the most important findings of
our experiments.

(IV) Fine-tuning smaller models may outperform fine-tuning larger
models when the training data is not large enough: Fine-tuned LLMs, such
as Llama2, may not necessarily outperform smaller LMs like BERT with around 100
million parameters, at least in the given classification task. Our experiments revealed
that while Llama2 and BERT have similar performance for impact-relevant sentences,
and Llama2 achieved lower accuracy and F1 by around 0.1 when predicting the label
of No-IMPACT. This finding aligns with the zero-shot and few-shot results, where
the original Llama2 model failed to accurately predict the label of NO-IMPACT. This
suggests that although LLMs encode extensive knowledge, this knowledge might not
adequately cover low-resourced fields or specific downstream tasks. In other words,
fine-tuning can only adjust certain aspects of this pre-existing knowledge unless a
substantial amount of data from low-resource fields or tasks is added for fine-tuning.
Clearly, the data we used for fine-tuning is not large enough to calibrate Llama2 effec-
tively for impact classification. Therefore, fine-tuning smaller transformer models like
BERT could be a more effective choice in low-resource fields because this approach
would be less skewed towards pre-existing knowledge that is not helpful for impact
classification.

(V) Different performance among different main categories: For the main
categories, we observed that nearly all models exhibit superior performance in identi-
fying technical, economic, and academic impacts, while they struggled with detecting
“OTHER” impact. This outcome is unsurprising, given that technical, academic, and
economic impacts are inherently more discernible while “OTHER” is inherently vague.

(VI) Sub-category classification is more challenging than main-category:
Considering that sub-categories are more nuanced than main categories and that
we have only few data points for many of the subcategories, classifying them poses
a greater challenge. Specifically, the performance of fine-tuned models and original
LLMs indicates that accuracy and F1 scores for sub-category classification are lower
compared to main category classification.

(VII) All models perform best in the domain of linguistics and worst
in the domain of mobility: Table 5 shows the classification accuracy (for main
categories) across different methods, models, domains, and intensity. All models con-
sistently achieves best performance in linguistics and worst performance in mobility.
Accuracy scores in music and Al are generally close. This finding implies widely used
pre-trained have a similar range of knowledge in terms of domains even though they
are trained based on different methods.

(VIII) Higher impact may not suggests higher classification accuracy:
All models exhibited higher accuracy on sentences of medium than of high and low
impact intensity. Given that the domain of linguistics, where all models achieve the
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Table 5 Comparison of the performance of the classification models on the main categories
across different methods, domains, and intensities (without impact-irrelevant sentences)

Domain Intensity

Method Model Music  Linguistics  Mobility Al High Medium Low
7 hot Llama?2 0.46 0.58 0.36 0.49 0.45 0.53 0.43
ero-sho ChatGPT  0.54 0.62 039 049 049  0.59 045
Few-shot Llama2 0.54 0.58 0.44 0.51 045 0.57 0.50
w ChatGPT 0.55 0.62 0.41 0.53 0.51 0.60 0.46
Fine-tunin Llama2 0.62 0.65 0.53 0.63 0.61 0.65 0.55
B g BERT 0.66 0.69 0.61 0.61 0.61 0.68 0.61

Table 6 Accuracy and F1 of few-shot prompting in ChatGPT across
different domains and intensities. The scores of high-intensity impact in
the domain of mobility is excluded due to an insufficient number of
instances for comparison.

Intensity
High Medium Low
Domain Accuracy F1 Accuracy F1 Accuracy F1
Music 0.52 0.43 0.63 0.60 0.43 0.33
Linguistics 0.50 0.49 0.64 0.60 0.57 0.53
Mobility / / 0.47 0.43 0.35 0.28
Al 0.48 0.41 0.57 0.49 0.52 0.45

highest performance, has the highest proportion of medium impact intensity (see
Figure 3 in Section 6), the high classification accuracy for medium intensity might be
attributed to the domain factor rather than the intensity factor itself. To investigate
further, we examined the contingency table of domain and intensity. Table 6 shows the
accuracy and F1 scores of few-shot prompting in ChatGPT across different domains
and intensities, still revealing the highest performance with medium impact intensity.
Similar results were observed when using other models, although we did not list all of
them due to space constraints. This finding suggests that there might be a nonlinear
relationship between the intensity of impact and classification accuracy.

8 Discussion and Conclusion

In this paper, we empirically developed and evaluated a novel annotation schema
designed to effectively capture and categorize the impact of scientific research across
domains within academia and beyond, based on research reports. Our schema classifies
the impact of research on academia, economy, society, culture, politics, law, technology,
and the environment. We showed that our schema is applicable to various scientific
domains from natural science, engineering, and the humanities.

We annotated a large dataset consisting of over 45k sentences extracted from
research reports based on the classification schema we developed. High Kappa scores
indicate a strong agreement between our annotators, which suggests that our anno-
tation schema adequately and distinctly captures and categorizes the impact in
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project reports from different domains. We conducted an in-depth examination of
our annotated dataset and found patterns regarding the distribution of impact
categories among different domains, the co-occurrences of impact categories, and
impact-indicating as well as category-specific keywords. These findings allow a deeper
understanding of domain-dependent and domain-independent features of scientific
impact and inspire future work on automatic impact detection and analysis. We finally
probed the feasibility of automatic impact classification with a topic model, which was
able to detect and distinguish certain impact categories from text.

We then applied transformer-based models to the annotated dataset to explore
their potential for impact classification. Our results indicate that LLMs like Llama2,
ChatGPT, and GPT-4 do not perform well in this task, likely because they lack suf-
ficient knowledge about “impact” and tend to focus on general scientific topics. As a
result, fine-tuning remains the most effective method for impact classification. While
fine-tuning open-source LLMs like Llama2 may be promising when there is a substan-
tial amount of data to adjust the model’s parameters, fine-tuning smaller models from
the BERT family is still preferred when the training dataset is relatively small, as it
offers better classification accuracy along with lower costs and time requirements.

In summary, our results show that fine-tuning LLMs for the task of impact classi-
fication on annotated datasets significantly outperforms zero- and few-shot prompting
approaches, which in turn indicates that state-of-the-art LLMs without fine-tuning
may not work well for novel classification schemas such as our impact classification
schema. This highlights the importance of diligent manual annotations as empirical
basis in the field of computational social science.
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