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Abstract

Research evaluation plays a vital role in the management of science and technology. This
thesis is motivated by the fact that manipulation of citation data is becoming a common issue
in scientific research evaluation. Thus, we aim to utilise multiple data resources, including
scientometric and altmetric data, to develop evidence-based quantitative evaluating

methods for research impact to increase the reliability of assessment results.

To achieve the research goals, we first examined various altmetric data sources and platforms
through a comprehensive literature review and an empirical study to investigate the quality
of altmetric data. We suggested ways to utilise altmetric data in research impact evaluation
studies. Then, we developed an evidence-chain-based evaluation method for research impact.
We explored the methods for evaluating the research impact of research publications. We
analysed the impact generation cause-effect chains, which put together the academic and
broader impacts (economy, society, culture, public policy or services, health, and more) of the
research output as a final effect, and illustrated the cause-effect chains of the impact
generation process across different logical stages. We collected a range of evidence data as
indicators of the impact generation process that were carefully selected from the most
representative database within their category, and quality was verified by small sample tests,
clarifying the origins of data sources and the breadth and comprehensiveness of the
database's publication coverage. We utilised the structural equation modelling approach to
establish the research impact aggregation models. Finally, all observed publications’ impact
scores were calculated using the factor weights from disciplinary structural models for

research impact.

This research offers several significant contributions to the evaluation of research impact.
Firstly, it proposes an innovative quantitative method based on evidence chains, effectively
addressing the limitations of traditional results-driven evaluation systems and yielding more

reliable insights. Secondly, it pioneers a full-chain evaluation method that captures both



academic and broader dimensions of impact by incorporating every stage of the impact
generation process, providing a novel perspective on impact assessment. Thirdly, the study
develops a new way of thinking that employs cause-effect chains to analyse research impact,
improving attribution and consistency. Additionally, an empirical analysis of altmetrics
platforms offers a detailed understanding of altmetric data quality, reliability, and disciplinary
differences, serving as a valuable reference for future use of the altmetric data. Lastly, while
recognising the limitations of altmetrics as direct tools for impact evaluation, this research
highlights their role in deriving meaningful indicators that propose a fresh approach to their

application in research impact evaluations.

Keywords: research evaluation; research impact evaluation; evidence-chain-based evaluation;

impact generation process; altmetric data; altmetrics; SEM;
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Chapter 1. Introduction

Chapter 1 - Introduction

1.1 Research motivation

Science and technology are increasingly becoming the leading forces for the development of
the economy and society. Many countries have significantly increased their investment in
science and technology in order to be competitive in the global environment and have paid
more attention to scientific research (Matyushok et al., 2021). Demand for research
evaluation is growing in many countries. Research evaluation plays a vital role in the
management of science and technology as it provides accountability to the public and

supports decision-making to key stakeholders (Wanzer, 2021).

Research impact evaluation is a hot and challenging topic that has received increasing
attention in recent years (Reed et al., 2021; Kassab et al., 2020). For instance, the Research
Excellence Framework (REF) in the UK has started to assess research impact since 2014, and
such assessment accounts for 25% of overall evaluation outcomes (REF 2021). The ACUMEN
Consortium (in Europe) launched a new portfolio to assess academic researchers,
emphasising the values and impacts of individual scientific output (ACUMEN, 2014). Various
indicators in bibliometrics, webometrics and altmetrics are used in the portfolio to measure
research impact and social impact. In the UK, the REF evaluates the research impact by
considering different dimensions of influence, such as economy, culture, public policy, health
and welfare, environment, quality of life, creativity, production, and international
development (Samuel & Derrick, 2015). However, the term “research impact”, as defined by
the REF, means the research influence beyond academia. In most other countries, the
academic impact and socioeconomic impact of research are often viewed as one (Penfield et
al., 2014). When the benefits from research are tangible, measurable and recognised outside
of academia, the research is said to have an impact, and this impact could be economic,
environmental or cultural (Schnitzler et al., 2016). This thesis argues that a research output’s
impact should be comprehensive, encompassing both the academic impact generated by

scholarly research outputs and broader impacts beyond academia. That is, the term “research
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impact” in this thesis is defined as a comprehensive impact, which contains academic impact

and broader impact (social, economic, etc.) generated together from the research outputs.

Specifically, the evaluation methods for research impact, apart from the qualitative methods
such as peer reviews, citation-based scientometric indicators are the key measures to reflect
the research impact (Mingers & Leydesdorff, 2015). Abramo (2018) summarised that
scientometrics measures the impact of a research paper or a case study on future scientific
and technical advancement, and the number of citations of a paper is a natural indicator of
the impact of the paper. Therefore, citation-based indicators mainly reflect an academic

impact.

It is easy to believe that the research output with high quality and high impact would be highly
cited. However, many scholars argued that pursuing high citation numbers becomes their
unique goal, and the citation count has become a number game (Fong & Wilhite, 2017; Urlings
et al., 2021). Citation manipulation in scientific publishing is a widespread issue that threatens
the integrity of academic research (Joshi & Pandey, 2024). The increasingly complicated citing
motivations often lead to manipulated citation data (e.g., citing each other or citing by
helpers), and thus, the reliability of citation-based indicators is declining (Fong & Wilhite,
2017). Relying on a single citation data source to evaluate impact may compromise the
accuracy and fairness of the results. Because all desirable results (like citations) can be
produced by improper actions/processes such as cheating. To increase the reliability of
impact evaluations, it is important to evaluate not only the results of a piece of research but
also its generating processes. For example, for a normal highly cited publication, there should
be a series of evidence on high views (or abstract views), downloads, commentaries or
discussions. When such evidential data are very small, we have reasons to doubt the
authenticity of its high citation that represents the impact. If we can build an evidence-based

model for impact evaluation, we will be able to produce more reliable assessment results.
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We believe these ideas should also be applied to aggregate comprehensive research impacts,
including academic and broader impacts. Therefore, in aggregating comprehensive research
impacts of publications, we should utilise the evidential data that occurred in the normal
processes of impact generation for a research publication, from publishing to spreading,
understanding, and finally generating the impact. Of course, developing such novel evaluation

methods is not trivial.

On the other hand, after altmetrics emerged in recent years, scholars started to discuss
whether altmetrics could measure a wide range of impacts for research outputs, such as social
impact (Melicherova et al., 2020; Reale et al.,, 2018). Although a common definition of
altmetrics is still lacking (Haustein, 2016; Konkiel, 2016), altmetrics has been mostly used as
online metrics to measure the impact of scholarly materials with an emphasis on social media
platforms, and these metrics differ from the traditional citation-based indicators (Tahamtan
& Bornmann, 2020). Altmetrics present good advantages compared to citations: they have
potentials to measure research influence fast and real-timely, and able to cover diverse
scholarly outcomes (Ezema, 2017). However, altmetrics are confronted with several
challenges, such as the robustness of the underlying system, data quality, bias, lack of
standards etc. (Bar-llan et al., 2018). Existing research reveals that social media metrics might
not reflect societal impact as expected (Haunschild et al., 2019; Robinson-Garcia et al., 2018;
Tahamtan & Bornmann, 2020) although they still provide a unique opportunity to observe the

interactions and communications between academicians and broader audiences.

Without a doubt, the emergence of altmetrics has increased the possibility of applying multi-
source data in the research evaluation and represented the thinking of carrying out the

guantitative evaluation method across a wider range of data sources.

Therefore, this research aims to utilise multiple data resources, including scientometric and

altmetric data, to develop novel approaches to quantitatively evaluating research impact
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based on a chain of processes with supportive evidence and to improve the reliability of the

evaluation results.

1.2 Research questions

To achieve the above research aims, we ask the three following core research questions and

then propose research plans.

(1) How can we identify and select suitable altmetric data for evaluating the impact of

research publications?

Scientometric data (e.g. citations) has been widely used to reflect academic impact of
research publications. Although many altmetrics platforms provide flourishing indicators of
research impact, it is unclear which are of good quality and can be used in real impact
evaluations (e.g., which are more reliable). Chapter 4 in this thesis will systematically

investigate these issues.

(2) How can we aggregate those altmetric and scientometric data based on a cause-effect

analysis to develop more reliable metrics for the impact of research publications?

Traditionally, the result data, such as citations, are used directly or computed with suitable
weights to form metrics for the impact assessment. As discussed above, such approaches are
often problematic. One should aggregate impact based on suitable cause-effect chains to give
more reliable results. To this end, Chapter 5 in this thesis will first develop an evidence-chain-
based method for illustrating the evaluation of impact, and Chapter 6 will further study the

cause-effect chains of impact generation for research publications.
(3) How can we apply the above approaches in real applications?

We will collect real data and carry out empirical studies to produce research impact indicators

for real applications in Chapter 7.

1.3 Research contributions

There are six main contributions in this thesis:



1)

2)

3)

4)

Chapter 1. Introduction

An innovative evidence-chain-based quantitative evaluation method for the impact of
research publications is developed in the thesis. We initially propose this methodology
to evaluate the academic impact of research work and successfully recognise the
journal with a more genuine impact. This method overcomes the drawbacks of a
results-driven perspective in the current research evaluation system and can provide

more reliable outcomes of assessment results.

This thesis further explores the evaluation methods for a comprehensive impact of
research publications based on evidence chains. A conceptual model of the
comprehensive impact of research publications is developed by analysing the cause-
effect chains of the impact generation process. The identified stages of the research
impact generation process provide a novel, clear and logical connection to analysing
impact. It breaks through the original limitation of only considering the output's
results data in the impact evaluation. Using the data collected at each stage to
evaluate the impact could solve the attribution and consistency problem and make

the final assessment solid and reliable.

The case study successfully evaluates the comprehensive impact of research outputs
by utilising the cause-effect chain of the research impact generation process and
constructing the impact evaluation models using a structural equation modelling
approach. The newly established quantitative evaluation methodology for research
impact could support various purposes of assessing requirements, including the
publication and journal's impact within required categories, disciplines, and research

areas.

Our evidence-chain-based evaluation method is a full-chain evaluation that logically
connects with causal chains of the impact generation process. This is the first time in
the literature that a full chain of evidence from the research knowledge generation to

impact generation is applied to evaluate impact. By incorporating every stage of the
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impact generation process into the evaluation, this approach can capture the
influence of research papers on academic and broader dimensions, which reflects the
comprehensive impact. Our method for research evaluation is a new way of thinking

and provides an innovative insight into the impact evaluation system.

5) The empirical study on altmetrics platforms, Altmetric and PlumX, involves a detailed
analysis of altmetric data coverage, disciplinary differences, data consistency, and the
reliability of the data sources, providing a thorough understanding of the altmetric
data sources and platforms. Findings and suggestions in this thesis provides a valuable

references for subsequent use of altmetrics in the research.

6) Existing literature indicates that Altmetrics has certain limitations as a direct tool for
research impact evaluation. These metrics primarily reflect public interest and
preferences, making them less suitable for directly measuring impact, such as social
impact. However, this thesis uses altmetric data to extract indicators, recognising its
significant role in impact measurement. It offers a new perspective on the appropriate

and effective use of altmetric data in the research evaluation.

1.4 Thesis structure

The remainder of the thesis is structured as follows.

Chapters Two and Three present a literature review of the thesis. Chapter Two reviews
existing literature on research evaluations, including the rise of research evaluation, its

development, and its impact evaluation.

Chapter Three reviews the literature on traditional metrics for academic impact evaluation
and illustrates the most used indicators and their limitations. Then, it reviews popular indices
that reflect the journals’ impact. It continues with a systematic review of altmetrics, including
concepts and definitions, altmetrics platforms and data sources, and critical topics in the

altmetrics study. Finally, it identifies the knowledge gaps.
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Chapter Four investigates the quality of altmetric data quality with Altmetric and PlumX as

examples to answer the first research question.

Chapter Five proposes a novel evidence-chain-based method to evaluate the research impact
to answer the second research question. It also includes a case study comparing two journals'

academic impacts using the evidence-chain-based evaluation approach.

Chapter Six illustrates the cause-effect chains of comprehensive impact for research
publications and demonstrates a conceptual model for the research impact generation
process. It builds up the prerequisite of evidence-chain-based comprehensive impact

evaluation methods for publications.

Chapter Seven is a case study that uses the structural equation modelling approach to
construct indicators for comprehensive research impact based on cause-effect and evidence
chains of the impact generation process. It demonstrates the various applications and

potentials of the novel evidence-chain-based research impact evaluation methodology.

Chapter Eight concludes the thesis, summarises research limitations, and proposes future

research.
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Chapter 2 - Literature review on research evaluation

2.1 Rise of research evaluation

The demand for research evaluation is increasing in many countries. To be brief, research
evaluation reveals the progress and achievement of academic research. The rise of research
evaluation is mainly due to the growing demand for the use of scientific research evaluation
results in society, the governments, and the scientific community. According to Gingras (2016),
research evaluation has the following aspects of roles: (1) providing accountability to the
public, (2) supporting policies and decision-making to the governments, and (3) using in the

research management. The following paragraphs elaborate on these functions.

Since the middle of the 20th century, science and technology are playing an increasingly vital
role in the international competition and societal development (see e.g., Pavitt, 1990). Many
countries have recognized that advanced technology is capable to promote the development
of economy and enhance the national strength. Advanced research production may improve
a nation's scientific progression and worldwide competitiveness (Marginson, 2022). Since
more public money has been spent on scientific research, expectations of investment return
are also growing. The public asks the governments and the scientific community to explain
where the public money has been spent, and how the research has been funded (Sanghani &
MacDonald, 2024). By now it is widely agreed that Government-funded research should
provide accountability. Research institutions and universities face being efficient and
accountable for the research funds. These pressures make evaluation critical. In response to
the public, many governments have tried to link funds to research performance to review
whether public spending is “value for money” (Grant, 2006). Furthermore, to embody the
importance of research activities and be responsible for taxpayers, many countries such as
the United States, Japan and France have promulgated laws and regulations on scientific
evaluation to ensure a healthy and systematic development of scientific research by

legislation (Marginson, 2022).
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When the public wishes (or requires) to monitor the budget of research input and evaluate
the process and results of scientific research, governments must also demonstrate the results
of publicly funded scientific research through assessment and support the decision-making
on fund allocation at the same time (Benito & Romera, 2019). Consequently, the research
evaluation outcome also supports decision-making on fund distribution. In the UK, the stated
aims of implementation of research evaluation under the REF are to inform the selective
allocation of research funding to higher education institutions, as well as demonstrate its
benefits (REF 2021). Besides, the results of the research evaluation also offer indications for

policymaking in scientific institute.

More importantly, research evaluation is a vital tool in the management of science and
technology (Xu et al., 2013; Reale et al., 2017). Research evaluation could guide the
development of scientific research, improve the shortcomings of scientific research
organisations, and fairly manage individual researchers (Xu et al., 2013). Huang and Chang
(2008) also believe the research evaluation could be an incentive for scholars to improve the
quality of their research. According to Qiu et al. (2003), comparisons of indicators, including
citations or impact factors among the academic entities (such as journals, organisations,
institutes), are able to analyse their strengths, weaknesses and improvement methods. For
decision-makers, the comprehensive evaluation information would provide valuable
evidence to support project planning, project funding, and personnel arrangements, among
others. For individual researchers, evaluation on their scientific output may significantly
influence their promotions, tenures and academic careers. Furthermore, as scientific
production increases, the traditional evaluation methods such as internal evaluation or peer
reviews began to meet limitations on time consuming (Ernst et al., 1993; Kumar, 2009). It is
therefore necessary to conduct study on the different evaluation methods. Overall, the
development and renewal of the science and technology put forward new requirements for
scientific evaluation constantly, which enrich the connotation, methods and means of

research evaluation (Marginson, 2022).
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To sum up, research evaluation is gradually rising with the increasing need for development
in science and technology. It provides evidence-based information for decision-making in the
management of scientific activities according to different evaluation objectives and

demonstrates accountability to the public for the investment of public funds in research.

2.2 Development of research evaluation

2.2.1 Definitions of research evaluation

As people gradually realise the importance of scientific research outcomes, issues such as
evaluating scientific outputs, analysing scientific activities, and improving research efficiency
and performance become more of a concern for governments and scientific communities
worldwide (Geuna & Martin, 2003; Guthrie et al., 2013). According to Wang (2006), the earlier
formal scientific evaluation activities led by governments began in the United States in early
decades of the 20th century. The Congressional Research Service (CRS) of the United State
started to analyse and evaluate research related scientific activities from 1920s which can be
regarded as the prototype of scientific evaluation (Wang, 2006). Then, some countries such
as Japan, France, Germany and Canada both carried out the assessment of science and
technology activities in the 1960s. In the 1980s and 1990s, along with the commercialisation
and marketization of scientific and technological achievements, many Western countries,
such as the UK, Switzerland and some developing countries, such as China, gradually paid
attention to the development of science and technology and scientific research (Qiu et al.,

2010; Wang, 2006).

The term “research evaluation” involves broad implications, and it is challenging to find an
exact definition. According to Wanzer (2021), research evaluation refers to evaluating
scientific or scientific research activities. The object of evaluation is diverse and could be any
entity, people or event related to scientific activities (Greene, 2016). Research evaluations
comprise the evaluation of scientific publications (including papers, journals, books, patents,
standards, databases, etc.), scientific institutes (including research institutes, universities,
etc.), research work (including research plans, research proposals, research projects, research

achievements, research inputs and outputs, research performance, research capabilities,
10
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research staffs, research management, research policies, etc.) and disciplines (such as the
development status, stages, levels, prospective, and correlations between different
disciplines, etc.) (Qiu et al., 2003). As researchers’ contributions are usually present in the
form of outputs such as publications and patents, the research evaluation thus means to

reflect the value of researchers’ scientific outputs (Qiu et al., 2003)

2.2.2 Value orientation of research evaluation

In recent years, the value orientation of research evaluation is that in addition to the
evaluation of academic value on scientific research outputs, the consideration of social
impacts beyond the academia has been increased (Grant, 2006; Penfield et al., 2014; REF 2014;
REF 2021; Reale et al., 2018). The most representative example is the REF in the UK.
Evaluations of the submitted unit's research impact and research environment account for
25% and 15% of overall outcomes (REF, 2021). The motivation behind the move of assessing
social and economic impact is the increasing expectation from the research institutions and
funding bodies to demonstrate how the research they fund offers apparent benefits to
societies (Samuel & Derrick, 2015). Nowadays, most research funding bodies in the UK have
explicitly required a summary of societal impact (also known as the statement of "pathways
to impact") as a compulsory part in the grant application form (UK Research and Innovation,
2019). Such changes of criteria further response to the increasing expectation on social
benefits from funding projects. Obviously, as Donovan (2011) remarks, impact is a strong
weapon for making an evidence based case to governments for enhanced research support.
Furthermore, Penfield et al. (2014) points out four benefits of assessing impact beyond the
academia, which are (1) to enable research institutes to disseminate the contribution of their
research to local, national and international communities; (2) let funding bodies to
demonstrate the value of research to public, stakeholders and governments as the
accountability; (3) to inform funding decisions for desired impact; and (4) to understand the
methods and routes by which research lead better impact. Indeed, the core purpose of
research should be generating and transforming the new findings to knowledge and then

benefit the society as a whole.

11
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2.2.3 Methodologies

Since the evaluating purposes and objectives are diverse, evaluating methods are also under
constantly developing during the development of research evaluation. The early evaluating
methods are mainly carried through peer reviews within the academic community (Brinn et
al.,, 2000; Qiu et al., 2003). In recent years, quantitative methods have developed rapidly
(Kothari, 2004; Hicks et al., 2015; Cronin & Sugimoto, 2014; Mingers & Meyer, 2017). In
addition some comprehensive evaluation methods based on modern information technology
have emerged. There are a massive number of methods in use in the practical assessment,
likewise each of them has own advantages, disadvantages or adaptabilities. In this study, we
only select some representative mythologies to review briefly, which summarised in the table
2.1 below. Generally, these evaluation methods can be clustered into three categories,
gualitative evaluation methods, quantitative evaluation methods and data orientated
comprehensively evaluation methods (Qiu et al., 2010; RAND, 2013). In addition, we have
outlined the characteristics of each method, which are presented in the Table 2.1. There is a
need to emphasis, each of the methods has its strength and shortcomings. It would be more

appropriate to select specific evaluating methods in accordance with the needs in application.

Table 2.1 Brief summary of major methodologies

Methodologies Brief introduction

Qualitative Peer review Peer review refers to a process by which scientific
research activities or outputs are evaluated by a
group of experts in the appropriate field according
to certain standards and procedures (Abramo &

D’Angelo, 2011; Van-Raan, 1996).

Case studies Case studies are in-depth examinations of research
through a narrative of research process and
outcome. They are flexible to capture a wide variety
of impacts, including the unexpected, and can
provide full context around a piece of research,

researcher or impact (RAND, 2007)

12
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Document

review

This method refers to a general primary step for the
review of existing documentation, reports or other

relevant materials (RAND, 2013).

Logic models

Logic models are graphic depiction of the logical
relationships among multi elements of a system
that illustrate a sequence of cause-and-effect
relationships paths towards a desired result (Xu et
al., 2013). A logical model is used to describe what a
program intends to achieve and how it will achieve

(Jordan, 2010).

Soft System
Methodology
(SSM)

SSM is a systems-based approach to problem
structuring and taking action in complex situations
that has been developed various application in
strategy and other systems methods (Mingers &
Taylor, 1992; Mingers & White, 2010). It has
successfully used to decompose organisational
strategies and build indicator systems to measure
scientific research performance (see Liu et al. 2012;

Xu et al., 2013).

Quantitative

Bibliometrics

Bibliometrics is the use of statistical methods to
analyze books, articles, and other publications. This
method intends to provide evolutionary
quantitative models and contains a range of
techniques for assessing quantity, dissemination,
content of publications, patents and so on in
science, technology, and scholarship (White &

McCain, 1989; RAND, 2013).

Economic

analysis

A method of comparatively analyzing costs and
consequences in economics. Purpose is to assess
whether benefits outweigh opportunity costs and

whether efficiency is achieved. Three types: cost

13
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benefit analysis (CBA), cost-effectiveness analysis

(CEA) and cost-utility analysis (CUA) (RAND, 2013).

Data Data mining Data mining allows access to and understanding of
orientated existing data sets. Uses algorithms to find
correlations or patterns and present them in a
meaningful format, reducing complexity without

losing information (RAND, 2013).

Data A tool for data summarization, presenting large
visualization amounts of data in a visual format for human

comprehension and interpretation (RAND, 2013).

Artificial The new method under development that is using
neural artificial neural network technology to acquire
network knowledge through BP algorithm and machine

learning or training, and then evaluate the target by
simulating human brain (Karayiannis &

Venetsanopoulos, 2013).

2.2.4 Frameworks

Varied evaluation methods and continuously developed evaluation indicators enrich the
diversity of evaluation frameworks (Geuna & Martin, 2003; Reale et al.,, 2017). When
designing the framework, people start to concern themselves with the evaluation efficiency
by comprehensively utilising different methods based on their advantages and disadvantages
(Geuna & Martin, 2003). For example, one of the main reasons for the Research Assessment
Exercise (RAE) being replaced by the REF in the UK is to control the total assessment budget
by partly applying the bibliometric method to reduce some cost burden (House of Commons,
2011). In the US, the evaluation framework of STAR METRICS (Science and Technology for
America's Reinvestment: Measuring the EffectT of Research on Innovation, Competitiveness
and Science) has been promoted for using low-burden quantitative methods such as data

mining and bibliometric indicators (Lane, 2010).

14
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Since UK’s REF is relatively mature, we will mainly review this framework in this thesis.
Nevertheless, there are several well-known frameworks in use in the different countries. For
example, the ERA (Excellence in Research for Australia) measures the performance of
research in Australia using Bibliometrics and peer reviews. STAR METRICS is the framework
under development in the US to assess the performance of research and researchers by data
mining, data visualisation and economic analysis. Productive Interactions are the framework
used in Europe across several counties and for multiple disciplines and comprise both
qualitative and quantitative evaluating methods. AERES, an independent agency that
evaluates French research and higher education institutions based on internal and external
assessments. SEP (Standard Evaluation Protocol) in Netherlands assesses four aspects of
research: quality, productivity, relevance, vitality of the research (Régibeau & Rockett, 2016;

RAND, 2013).

Research Excellence Framework (REF)

The REF is UK’s world-leading system for assessing the excellence of research in higher
education institutions (HEIs). The REF replaced the former RAE since 2014. According to REF
(2021), the evaluation system is conducted jointly by the four UK higher education funding
bodies include Research England (RE), the Scottish Funding Council (SFC), and the Higher
Education Funding Council for Wales (HEFCW) and the Department for the Economy,
Northern Ireland (DfE). Its outcomes are used to allocate about 2 billion pounds per year of
public funding for UK’s universities’ research, and affect their international reputations (Nurse,
2015). The assessment outcomes also provide benchmarking information for research
institutes and public, as well as providing a basis for the strategic decision-making on national

research priorities (REF 2021; Nurse, 2015).

According to the REF (2021), assessments are conducted at the level of subject-specific sub-
panels, which roughly correspond to a 34 units of academic disciplines. Each sub-panel will
examine the submissions based on three distinct elements: quality of research outputs

(account for 60% of overall outcome awarded), impact of research (carry a weighting of 25%),
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and vitality and sustainability of the research environment (carry a weighting of 15%) (REF,
2021a). Furthermore, the criteria for each element is, for instance the quality of outputs will
be assessed in terms of ‘originality, significance and rigour’, with reference to international
research quality standards. For impact, the sub-panels will assess the ‘reach and significance’
of impacts on the economy, society, culture, public policy or services, health, the environment
or quality of life and so on. Regarding the element of environment, the criteria is in terms of
‘vitality and sustainability’ of the submitted unit, including the approach to enabling impact
from its research, and its contribution to the vitality and sustainability of the wider discipline
or research base (REF 2021). There is a need to emphasize, the assessments for the research
outputs are conducted via expert panels’ peer reviews, and supplemented by the bibliometric

information (Sousa & Brennan, 2014; REF, 2021)

The final evaluation outcomes are presented in the qualified profile with stars in accordance
with REF's standard for research level. The criteria of each level of REF's standards of research
quality is: (1) 4* indicates the quality of the research output is world-leading in terms of
originality, significance and rigour; (2) 3* means the quality that is internationally excellent in
terms of originality, significance and rigour but which falls short of the highest standards of
excellence; (3) 2* is recognized internationally in terms of originality, significance and rigour,
and (4) 1* indicates quality that is recognized nationally in terms of originality, significance
and rigour (REF, 2021). Additionally, for each of the three elements of the assessment -
outputs, impact and environment — sub-panels will develop a sub-profile, showing the
proportion of the submission that meets each of the four starred quality levels (Bornmann,

Haunschild and Adams, 2019).

From RAE to REF

In the era of RAE, all research outputs were assessed by peer reviews (HEFCE, 2009). Although
peer reviews are widely recognized as the most reliable method for evaluation, the significant
drawbacks of this method are high labour intensive and time consuming (Brinn et al., 2000).

Obviously, the UK’s top research evaluation system suffers from those inadequacies as well.
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As remarked in the House of Commons (2011), the cost of RAE was too high, while a
bibliometricindicator-based process was expected to be much cheaper and less burdensome.
Additionally, peer reviews also are criticized for other issues such as biases among experts,
conflict in interest and Matthews’ effect (Cole et al., 1981; Ernst et al., 1993; Kumar, 2009)
etc. The government thus decided to change the system for assessing research quality to
become mainly metrics-based in order to reduce the burdens imposed on universities (House
of Commons, 2011). After the 2008 RAE, HEFCE (the Higher Education Funding Council for
England), the former funding council of Research England (RE) before 15 April 2008 (RE, 2019),
proposed to introduce a metrics-based system for subjects in science, technology,
engineering and medicine (HEFCE, 2009), while this proposed change has caused significant
debates and widespread criticisms in the academic community. There were substantial
concerns on the potential implications of assessing the science related and non-science-
related subjects differently, as proposed under the bibliometrics approach (RAND, 2013). The
bibliometrics pilot exercise then backtracked after this trail (RAND, 2013). Reasons behind
this unsuccessful move showed the lack of trust in metrics driven methodologies, to improve

the current quantitative methodologies should be an incessantly researching objective.

2.3 Evaluation of research impact

The evaluation of the impact of the research is one of the key elements of the research
evaluation. Mingers and Leydesdorff (2015, p.1) find that the main themes of scientometric
research “include ways of measuring the quality and impact of research”. Scientometrics is
grounded in the quantitative analysis of scientific advances, mainly in the area of the
“research results”, for which it tries to measure impact for evaluative purposes (Abramo,
2018). When the benefits from research are tangible, measurable and recognised outside of
academia, the research is said to have an impact, which could be economic, environmental
or cultural (Schnitzler et al., 2016). The impact of the research could include changes to public

policy, health care, or quality of life (Liu et al., 2023).

In the UK's REF, “research impact” is defined as the influence of research beyond academia

(REF 2021). Academic impact and socio-economic impact are assessed as distinct categories.
17
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REF evaluates research impact by considering various sectors of influence, including the
economy, culture, public policy, health and welfare, the environment, quality of life, creativity,

production, and international development (Samuel and Derrick, 2015).

In contrast, many other countries view academic and socio-economic impacts as a unified
concept (Penfield et al., 2014). However, a clear distinction exists: "academic impact" refers
to intellectual contributions within academia, while "external socio-economic impact"
pertains to influences beyond academic circles (Penfield et al., 2014). Reale et al. (2018)
further differentiates between scientific impact, dissemination, political impact, and social
impact, suggesting that social impact represents the culmination of these earlier stages of
research. Similarly, Milat et al. (2015, p.2) define research impact as "any type of output from
research activities that can be considered a ‘positive return’ for the scientific community,

health systems, patients, and society at large."

Furthermore, the research impact encompasses changes in practice, knowledge,
understanding, attitudes, and ideas resulting from research (Morton, 2015). Morrow,
Goreham and Ross (2017) build on this by exploring the pathways to impact in leadership,
governance, and management research, identifying key components that enable it. The
impact is generally viewed as the changes in research outcomes generated in academia, the
economy, and society. However, attributing such changes to specific research poses
challenges, including difficulty measuring impact, delays between research activities and
observable effects, and determining whether the research was the primary driver of the

changes observed.

Milat et al. (2015) highlight that research impacts are inherently complex, unpredictable, and
non-linear. There is often a tendency to measure what is easily quantifiable rather than
focusing on what is genuinely significant. The fundamental purpose of research, however, is

to generate new findings, transform them into knowledge, and ultimately benefit society.
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Additionally, some scholars distinguish the political impact from the broader impact of
research. In Europe, political impact is often assessed separately, particularly in studies
focusing on the relationship between science and policy and improving research outcomes'
influence on policymaking (Reale et al., 2018). Political impact occurs when research findings
are utilized by decision-makers or social actors to inform policies and actions (Flecha, 2014).
While it overlaps with social impact, political impact specifically relates to policy development

and policymaking changes (Lemay and Sa, 2012).

Quantitative methods for evaluating impacts are varied and lack a universally accepted “gold
standard” checklist or standardized process (dos Santos Ribas et al., 2020). Experimental and
statistical methods, along with evidence synthesis approaches, are typically applied in
summative evaluations, while textual, oral, arts-based methods, systems analysis, and
indicator-based approaches may be employed in both summative and formative evaluations.
Certain evaluation designs aim to disentangle the contribution of research to observed
impacts as part of a broader set of factors, whereas others focus on demonstrating a direct

and sole attribution between research and its impact (Reed et al., 2021).

However, experimental and statistical methods for impact evaluation have notable
limitations. Synthesized studies often lack common standards for data collection and
reporting, reducing the reliability of evidence (Victora et al., 2017). Additionally, metric-based
approaches to impact assessment have been criticized for oversimplifying complex

phenomena and producing partial or misleading results (Bayley & Phipps, 2019).

Garbarino and Holland (2009) argue that integrating qualitative and quantitative methods in
impact evaluations offers dual benefits: it provides statistically reliable measures of the
magnitude of impact while also delivering deeper insights into program effectiveness,
including the factors contributing to their success or failure and areas for potential

improvement. The primary distinction between qualitative and quantitative methods lies in
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the nature of the data they generate. Quantitative methods yield numerical data, whereas

gualitative methods produce descriptive data presented in textual or narrative forms.

Furthermore, standardised methodologies, tools, metrics, and processes for assessing
broader research impacts remain underdeveloped. As a result, case studies are frequently
adopted in evaluation frameworks (Tahamtan & Bornmann, 2020). While altmetrics are
increasingly utilised, their limitations persist. Bornmann and Haunschild (2018b) caution that
frequent mentions of an article on social media often reflect public interest and engagement

rather than providing meaningful insights into its societal impact (see section 3.4).

2.4 Summary

This chapter presents a literature review on research evaluation, including its rise,
development, and research impact evaluation. Each section thoroughly reviews relevant

definitions, concepts, methodologies, and frameworks.

According to the existing literature, the use of quantitative evaluation methods in research
evaluation is a growing trend, as they are economical and less burdensome. However, existing
guantitative evaluation methods are not perfect enough. Quantitative evaluation methods
for impact are still developing and lack a universally accepted standardised process,
methodologies, or metrics. Furthermore, current bibliometric assessment mainly examines
‘research results’ to evaluate impact, such as citations. These approaches are results-only.
Therefore, developing an evaluation method that integrates process and result is necessary

to improve the assessment philosophy.
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Chapter 3 - Literature review on traditional metrics and altmetrics for
research impact

3.1 Introduction

Concerning quantitative methods and tools for research impact evaluation, scientometric
indicators based on citations are the key measurements to evaluate academic impact in most
literature (Mingers & Leydesdorff, 2015; Cronin and Sugimoto, 2014; Thelwall, 2016). Peer
review judgments are the leading qualitative method for evaluating the academic impact. The
peer-review process evaluates an author’s scholarly work, research, or ideas through the
judgments of experts in the same field and is regarded as essential for ensuring academic and

scientific quality (Abramo & D’AngOelo, 2011; Brinn et al., 2000).

For a broader impact beyond academic impact, the UK’s REF uses case studies to illustrate the
societal benefits of the research work to present impact (Thelwall, 2020). Regarding the
guantitative methodologies for broader impact, there is no consensus yet. Since altmetrics
emerged in recent years, scholars started to discuss whether altmetrics could measure a wide
range of impacts for research outputs, such as social impact (Reale et al., 2018; Tahamtan &

Bornmann, 2020).

This chapter will examine the traditional citation-based indicators used for impact evaluation
and then comprehensively and critically review the altmetrics study to explore the research

gaps of using various indicators for impact evaluation.

3.2 Traditional metrics for academic impact evaluation

The use of citation-related indicators in the assessment of publications’ academic impact has
been widely studied in the literature (Mingers & Leydesdorff, 2015; Li, Thelwall & Giustiini,
2012; Waltman et al., 2012). Bornmann and Haunschild (2016) noted that citation counts are
commonly used as a measure of academic impact, reflecting the influence of a work based on

how often it is cited by others. While citations are quantitative indicators of scientific impact,
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they do not capture all forms of impact. A key benefit of using citation counts is their link to
the publication process. Researchers need to contextualize their work within the existing
literature through citations and bibliographic references, demonstrating their awareness of

important developments in their field (Woelert, 2013).

Regarding scholarly impact evaluation specific to a research unit (including individual
publication, researcher or institute and so on), quantitative evaluation indicators have
evolved diversely from being simple to being compound. Traditional citation indicators
typically include the total citation number, the max citation number, average citation and the
proportion of highly cited papers, which mainly evaluate the overall impact of a research unit

within a certain period (De Bellis, 2009; Bensman, 2007).

3.2.1 The classic citation indicators

Total citation (TC)

The Total Citation (TC) indicator represents the total citations of a set of publications in each
time window. This indicator has been widely used in assessing individual researchers’ work in
earlier days (West and Mcllwaine, 2002; Bensman, 2007). However, the indicator has been
argued to be easily inflated by a few highly cited papers (Aksnes, 2006). Meanwhile, it also
absorbed the undesirable cases where a high total citation accumulated from low-cited

research papers.

Average Citation (Cave)

The Average Citation (Cave) indicator calculates the mean number of citations for a set of
publications. Several scholars have discussed its usefulness and limitations in research
evaluations (Huang et al., 2008; Adler et al., 2008). Using this indicator alone in the
evaluations may reduce the publishing motivations of research output, as a small number of
highly cited papers would demonstrate a better mean number. It may also discourage young

researchers from publishing their work freely.

Maximum citation (Cmax)
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The Maximum Citation (Cmax) indicator represents the highest citation count in a set of
publications. It also demonstrates the highest impact in a profile. Likewise, such an impact
measure comes from one piece of work only. Therefore, it is deficient to evaluate the whole

set of publications.

Itis important to note that these classic indicators cannot effectively reflect the citation status
for a set of publications, while more advanced indicators in later days do. Since 2005, when
the h-index was proposed, the measurement for a group of publications has entered a new

era.

3.2.2 The Hirsch-index (h-index)

Introduction of the h-index

There is no doubt for the scientificimpact and achievements of Nobel Prize-winning scientists,
while for most of other scholars, how to measure their cumulative academic impact? The
classic citation indicators have advantages and obvious drawbacks. None of them could
measure the different dimensions such as quality, productivity, age of citations at the same
time in one calculation (Hirsch, 2005; Bar-llan, 2008; Ye & Leydesdorff, 2014). In 2005, Hirsch
proposed the h-index, which quantifies the cumulative impact and relevance of a researcher’s
scientific output using only one index number. This index initiated the popularity of using
citation-related indices to measure academic impact (Hirsch, 2005; Ye & Leydesdorff, 2014;

Waltman & Van Eck, 2012; Knight, 2015; Merigd & Yang, 2017).

The h-index computes two dimensions which include the number of publications and the
citation count for each publication for a researcher’s output at the same time. It seeks the
minimum citations of number n in at least n publications. The definition of the h-index is:

“A scientist has index h if h of his/her N publications have at least h citations each and the

other (N-h) publications have < h citations each” (Hirsch, 2005, p.16569).

The h-index measures the broad impact of an individual’s work. Different scholars’ overall
scientific impact can be compared through the h-index despite the difference in the total

23



Chapter 3. Literature review on traditional metrics and altmetrics for research impact

number of publications or citations they have. As Hirsch (2005) argued, those who have a
higher h number are likely to be more accomplished than others. He also indicated that the
difference among scientists with high h indices appears to be much higher than average.
There is a need to note, as Hirsch (2005) refers, whether the h-index is fair enough or

applicable to all disciplines shall be further studied.

Verification of the h-index

Since the introduction of the h-index, some literatures started to verify the applicability of the
h index in various disciplines and the limitations. For instance, Bornmann and Daniel (2005)
compared the peer reviews for the applicants of post-doctoral research fellowships and found
successful candidates do have higher the h-index than non-successful applicants on average.
They believed the h-index is a promising rough measurement to assess the quality of a young
scientist’s work. Cronin and Meho (2006) compared the h-index and faculty rankings based
on raw citations counts in the subject of information scientists and found the strong positive
correlation between the two sets of rankings. They affirmed that the h-index is a reliable
indicator to present the scholarly impact and the influence of scientists in the field of
Information Science. More scholars carried out various papers to explore the h-index
empirically and theoretically (Egghe & Rousseau, 2007; Egghe, 2006; Glanzel, 2006), and

found different advantages and limitations.

Limitations of the h-index

Although the h-index has been regarded as a milestone in the development of the
Bibliometrics, there are a lot of debates on its limitations correspondingly (Bornmann, Mutz
& Daniel, 2008; Jin et al., 2007; Zhang, 2009). For instance, Hirsch further studied the
consideration of career lengths of researchers, and he concluded that the h-index can only
increase as time goes by. Thus, if a researcher stops to publish new papers or is not active any
more, his h number remain the same. This could cause that the researchers in different
working periods are not fairly compared (Hirsch, 2005; Kelly and Jennions, 2006).

Furthermore, some scholars mentioned the discrimination power of the h-index is relatively

24



Chapter 3. Literature review on traditional metrics and altmetrics for research impact

weak. As a result, various attempts to improve the h-type indices as well as some h-
independent indicators generated that stimulated further explorations in bibliometric
research in turns. We will demonstrate some indices of improvement or complement to the

h index in the following literature review.

3.2.3 The g-index

The obvious advantage of the h-index is its using one number only to present the
measurement of a researcher’s academic production by taking account of both publication
guantity and citations of each paper. Additionally, the h-index is insensitive to either lowly
cited papers or minority highly cited papers for a researcher since the highly cited paper only
count once in the h-index (Hirsch, 2005) However, scholars argued that highly cited papers
are less considered whereas they should be the significant reflection for a paper’s quality and
impact (Egghe, 2006; Glanzel, 2006). For instance, if a paper has received 20 citations and
they have been counted in his/her h-index, when ignoring the quantity change of publications,
the h score may not change at all even such paper has further received 50, 100, or 200
citations. Another example is: if there are two scholars both have an h score of 3, the first
person has three papers with 3 citations each, and the other person has three papers with
citations of 2, 5, and 50. Do they have the same academic influence as they have the same h-
index? Obviously, the latter has a larger academic impact. Therefore, Egghe (2006) proposed

the g-index to improve the h-index by taking consideration of total citations of each paper.

Base on principles of the h-index, a set of publications’ total citations (TC) are at least h? and
the actual number would be much higher. Hirsh (2005) presents the TC equation as the
Number of TC = ah? where a is defined as a proportionality constant, and the range of a is
approximately between 3 and 5 through his experiments. Similarly, the g-index defines the
highest number g for a set of papers when). TC > g2. There is a need to emphasize that g
represents a rank number, and all papers are supposed to be ranked in decreasing order
according to each citation. In a sense, g is equal to or greater than h. when a group of

researchers have a similar h-index number, whom has more citations in topper ranking papers
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(in other words, some papers have been very highly cited), will present a higher g score. The

g-index is particularly useful when comparing the similar h-index.

3.2.4 The h-dependent indicators

H-core

First of all, we would look at the concept of the h-core to help with understandings of all h-
dependent indicators. In the h-index, rank h of a set of publications means at least h
publications have h citations (Hirsch, 2005). Egghe and Rousseau (2006) proposed the set
consisting of the first h articles as the Hirsch core (h-core). According to Ye and Rousseau
(2010), all publications in the h-core could be recognized as the outstanding work for a
scientist and major achievements in his scientific career. In the case, it is believed that the h-

index loss many citations in the h-core (Ye & Rousseau, 2010; Jin et al., 2007)

The A-index and R-index

Egghe (2006) proposed the g-index, which corrected the less counted citations in the h-core,
while Jin et al. (2007) proposed the A-index and the R-index, which were trying to achieve the
same objective and provide their own advantages. The A-index is the average of citations
received by the publications in the h-core. The name of this index is derived from the fact that

it is just an average (A). Mathematically, it is written as:

1 h ,
A=Y ciy (3.1)

j=1
The value of Ais obviously equal or greater than h since A*h takes account to the total citation

of all h-core publications. The drawback of this indicator is that it may punish the scientist
with a higher h-index. Jin et al. (2007) then solved this issue by applying square root to the
sum of total citations of h-core, that to form an improved indicator, R-index. Mathematically,

it is written as:

(3.2)

The R-index carried forward the advantages of the h-index yet considered the total citations

of all h-core papers. It could be used as a supplement indicator for the h-index. Jin et al. (2007)
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also compared the R-index and the g-index. The former provides a computational advantage

and the latter is rather relied on listing ranks and their square values.

The h?-lower, h*-center and h?-upper indices

Some scholars further researched the publications in the h-core, Bornmann (et al., 2010)
proposed the h?-lower, h?-center and h?-upper indices to improve the accuracy of the h-index.
Three indices are proposed as the h?-lower, h*-center and h?-upper indices, which describe
the picture in the tail, the middle and the top of citation profile. Mathematically, they are

defined as follows:

N
100 >’ c(j)
h?-lower = —J1=% (3.3)
2.c(i)
j=1
2 100h?
h*-center = — (3.4)

ZC(J')

100 (c(i)~h)
h?-upper = —2= (3.5)

ZC(J')

The hrat-index

The lack of discrimination power for the h-index has been argued for a long time. The value
of h-index is only an integer, and two individuals may have totally different citation profiles
while having the same h-index. When Ruane and Tol (2008) applied the h-index methodology
to rank the economics departments in the Republic of Ireland, they argued that the h-ranking
lacks a finer structure. In their research, they proposed rational h-indicators to distinct the

cases with the same h-index value. It is defined as:

n
2h+1

hrat: h + 1 - (3.6)
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In the above formula, h is the original value of the h-index; n denotes the additional points
(papers) needed to reach the h-index to h+1 in an observed publication set. Suppose we know
a scholar’s hindex is h, and he wants to increase the h value to h+1, then he would need h+1
publications with h+1 citations at least each upon the h-index definition. If his total citations
are just equal to h?, in other words there are no surplus citations in his h-core, the maximum

citations needed would be equal to 2h +1 to increase h to h+1. Accordingly, 0 < n/(2h+1) = 1.

The hra-index has the advantage of increasing a fraction part to h value that provides more
granularity to an evaluation process. Two individuals with the same h value become
comparable, and prolificacy would not be penalized any more. Nonetheless, the hr-index is
a derivative of the h value and the scale of discrimination is limited due to its nature of

maximum value.

There is a need to clarify, there are many other indicators are proposed to overcome the main
drawbacks of the h index include the issues of citation distribution and excess citations in the
h-core publications. For example, the j-index (Todeschini, 2011), the k-index (Ye & Rousseau,
2010), the Maxprod index (Kosmulski, 2007), the w-index (Wu, 2010), the m-index (Vinkler,
2009), the citation speed s-index (Bornmann and Daniel, 2010), and more indicators for field
normalization such as the field-normalized total citations (Radicchia et al., 2008), the crown

indicator (Van Raan, 2005), the n-index (Namazi & Fallahzadeh, 2010) and so on.

3.3 Indicators reflecting academic impact of journals

Journal evaluation also plays a vital role in the research evaluation field. Citation-based
bibliometric indicators are still commonly used to reflect the relative impact of a scientific
journal (Glanzel & Moed, 2002; Rousseau, 2002). The Journal Impact Factor (JIF) is calculated
by the scientific division of Thomson Reuters and published annually in SCI Journal Citation
Reports (JCR). Due to the popularity of the journal impact factor among science editors and
research evaluators worldwide, JCR has become the legitimate authority for ranking scholarly
journals (Bornmann et al., 2012). However, the journal impact factor also reveals some

limitations (Fersht, 2009; Bornmann et al., 2012; Bollen et al., 2005 & 2009) and then many
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scholars proposed complement indicators to improve it, such as the Eigenfactor™ metrics
(Bergstrom, 2007), indicators of SCImago Journal Rank (Gonzalez-Pereira et al., 2010), source
normalized impact per paper (SNIP) (Moed, 2010), integrated impact (Wagner & Leydesdorff,
2012), and so on.

Journal Impact Factor (JIF)

The most well-known indicator for journal impact evaluation is the Journal Impact Factor (JIF).
JIF has been used as a proxy of a journal’s quality and scientific prestige (Leeuwen & Moed,
2005). The method was first developed by Garfield in 1972 (Garfield, 1972) and it calculates
the average number of citations for research outputs published in a given journal in a two-
year evaluation window (Garfield, 1971 & 1972). If an impact factor of a journal equals to 3
means that the articles published in this journal have been cited 3 times on average under
the two year evaluation period. Let /Fi(t) denotes the impact factor of journal i in year t.

Mathematically it can be written as follows:

___TCm
~Rt-D+R(t-2)

IF, (t) (3.7)

IFi(t) is the impact factor of journal i in year t and TCj(t) denotes the number of citations
received to year t; Pi(t-1) and Pi(t-2) are the number of papers published in journal i in year t-

1 and t-2, respectively.

Today, JIF is calculated by the scientific division of Thomson Reuters and published annually
in the SCl Journal Citation Reports, and due to the popularity of JIF among science editors and
research evaluators worldwide, JCR has become the legitimate authority for ranking scholarly
journals (Bornmann et al., 2012). Some arguments addressed that the two-year window is
possibly too narrow to indicate the actual impact of a journal (Seglen, 1997). Therefore, JCR
has also developed a five-year journal impact factor, which calculates the average number of
citations for papers published in certain journals in a five-year evaluation period. Besides, JCR

also introduced more journal evaluation indices such as:
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e The immediacy index, which measures the average number of citations received by
papers published in academic journals within a one-year evaluation period. It serves
as an indicator of how quickly journal articles are cited.

e The citing half-life, which calculates the median age of publications cited by the
journal in the JCR year. It serves as an indicator of how quickly journal articles are cited.

e The cited half-life, which counts the years from the current year that account for 50%
of total citations of a journal receives. It identifies the typical age of the majority of

articles cited in the journal.

However, JIF also reveals some limitations that scholars have criticized. For instance, various
disciplines are not comparable (Agarwal and Agarwal, 2007), and the JIF can be easily
manipulated by inauthentic citation data through self-citation, randomicity or various
motivations (Mingers & Xu, 2010; Yu et al., 2005; Agarwal and Agarwal, 2007; Chew et al.,
2007) etc. Another drawback of JIF is that using JIF to evaluate individual papers is unreliable
due to the uneven distribution of citations on each paper in most journals. The following

literature review will discuss more improved indicators based on journal impact factors.

The Eigenfactor

Different from the JIF, the Eigenfactor index which is introduced by Bergstrom (2007) applies
a weighted citation concept and gives more weights to highly ranked journals. According to
Bergstrom (2007), the core methodology of Eigenfactor is to use so called the “Eigenfactot”
algorithm, which allows readers to move from one journal to another along a chain of
citations. This approach is similar to the Pagerank algorithm, which is adopted by the Google
search engine to rank websites according to the importance (Fersht, 2009; Bergstrom, 2007).
Additionally, the Eigenfactor is found to have strong correlation with the total number of
citations for a journal (Davis, 2008), and it is believed to be more robust than journal impact

factor as more considerations of weights on different journals (Bollen et al., 2009).

The SJR indicator

30



Chapter 3. Literature review on traditional metrics and altmetrics for research impact

The SIR (Scientific Journal Rankings) indicator is developed by the SCimago research group
which adopts the Pagerank algorithm to measure the prestige transferred from one journal
to another. Basically, when a journal is cited by other prestigious journals in a given scientific
area as one “incoming link”, it gains more prestige than a journal that is equally cited from
less prestigious journals (Moed, 2012). The well-known bibliometric database, Scopus, applies
this indicator to rank journal impact in their database. There is a need to note, it has been
discussed there are inconsistent results from ranking journals using JIF and SJR indicators
(Falagas et al., 2008), and the differences may be caused by the usage of databases from

different sources.

Journal’s h-index

The h-index could be applied in different level in applications such as rank the impact of
academic journals (Braun et al., 2006). According to Braun et al. (2006), the h-index can be
used for the case of research journals and article citations to be considered as a single
measure of visibility of whole groups of publication units (each journal as a single unit). Bador
and Lafouge (2010) carried out a comparative study between the h-index of journals and
journal’s impact factor and found that the ranking results are different. However, they still
claimed that two indices could be complemented with each other for journal evaluations in

the same discipline (Bador & Lafouge, 2010; Cuellar et al., 2008).

3.4 Altmetrics: the emerging metrics for impact evaluation

3.4.1 Emergence of altmetrics

The term "Altmetrics" was first denominated in 2010 by Jason Priem, a doctoral student in
the School of Information and Library Science at the University of North Carolina. He used the
hashtag "Altmetrics" on Twitter to name all online metrics of academic outputs, including
social media networks (Roemer & Borchardt, 2015). He then cooperated with D. Taraborelli,
P. Groth and C. Neylon to establish the website altmetrics.org, and published the “Altmetrics:
a manifesto” claiming the origins, significance, value and future development paths of
Altmetrics (Priem et al., 2010). “Scholars rely on evaluation filters to select the most relevant

and significant academic literature today”, said Priem (Priem, Groth, et al., 2012). However,
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the mainstream filters, such as peer reviews, citation counts, and journal impact factors, have
drawbacks and limitations on time-consuming, gaming, and narrow measures. It is claimed
that altmetrics are "tomorrow's filters", which can better reflect the impact of scholarship
broadly and timely (Priem et al., 2010). This term then triggered an excellent study upsurge
in the field of scientific research evaluation. The common concerns include, for example, the
significance of the altmetrics concept (Galligan & Dyas-Correi, 2013), what they measure
(Piwowar, 2013), and whether they can predict future citations (Barnes, 2015). There is no
doubt that the appearance of altmetrics provides new research ideas and data sources for
scientific research evaluation and increases the possibility of using multi-source data rather

than citations only in quantitative research evaluation.

Traditional research evaluation methods such as peer reviews and citation-based metrics
have been extensively applied in scientific research evaluation (Brinn et al., 2000; Guthrie et
al., 2013; Penfield et al., 2014). However, their limitations are being criticised all the time.
"We rely on filters to make sense of the scholarly literature", "but traditional filters are narrow
and being swamped", said Priem et al. (2010, p.1). Peer review serves scholarship well, yet it
is time-lagging and experts’ energy-consuming (Goldbeck-Wood, 1999; Kumar, 2009; Priem
et al., 2010). A large number of publications need to be appraised in peer reviews whilst the
time and effort of experts are limited. Kumar (2009) points out a series of issues for peer
reviews, such as personal bias on judgements, conflict of interest, delay in publication, cost

of the process, and unspecialised selection of reviewers.

Citation-based metrics have been widely used in quantitative evaluation methods, yet they
always have time-lagging problems (Zahedi et al., 2014). Publications need years to be cited
to reveal the impact. Priem (2010) addressed that the h-index and other prevalent
bibliometrics need even longer accumulated time to present the results. In addition, the
influential work may remain uncited or less cited for an extended period. The examples are

many so-called “sleeping beauty” articles (Ke et al., 2015).
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Furthermore, journal evaluation indicators such as the Journal Impact Factors (JIF) have more
critiques. For instance, the Journal Impact Factor is an average citation figure for the whole
journal; thus, the impact of individual articles would be judged misleadingly (Dong et al.,
2005). It has been argued that the JIF is easily manipulated relatively (Arnold, 2009; Bornmann
et al., 2012; Reedijk & Moed, 2008). Reedijk and Moed (2008) summarised several editorial
behaviours that help to manipulate the JIFs, which include encouraging (or forcing) self-
journal citation, over citing specific articles such as "editorials", publishing distinct articles
timely to fulfil a 2-year citing window, accepting more fashionable topics rather than qualified
minorities and so on. Arnold (2009) revealed that mutual citations between journals and
editors are common in his case study. He criticised the close connection between the Journal
of Chaos, Solitons and Fractals and the International Journal of Nonlinear Science and
Numerical Simulation as they have published 60 articles written by the same editor-in-chief,

and the two journals cite each other frequently.

Moreover, the complex citing motivation is another crucial issue that may lead to a decline of
authenticity in citation counting. Mingers and Xu (2010) found that the citation number is
easily influenced by various factors (apart from quality), and sometimes a high citation
number does not certainly represent a high impact or quality. Larivie're and Gingras (2010)
investigated the citation difference when identical papers published in different journals and
found that citation results from journals with high impact factors are twice those from
journals with lower impact factors. In short, the citing motivation and quality of citation data

were questioned.

Good news is that the study on quantitative evaluation of research impact in academia is not
limited to the citation only. Using online metrics as alternatives to traditional metrics emerged
in the 1990s. Cronin et al. (1998) raised that scholars' communication and collaboration
started to be varied with the rapid emergence of online publishing. Many modalities of
influence, such as the audience's ideas, thinking and general professional presence, are

overlooked. Cronin et al. (1998) recognised a professor's impact through his name mentioned
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in 11 identified outlets, including published articles, conference proceedings, external home
pages, personal/parent organisation home pages, resource guides, etc. The digital traces the
scholar left online reflect how academic influence is exercised and acknowledged, increasing
the possibility of viewing influence from different perspectives (Xu, 2018). Holmberg and
Thelwall (2014) pointed out that the emergence of the Internet has changed the formal and
informal patterns of academic communication. The new communication platforms of
research, such as social media networks and online reference management tools, may

provide new indicators for measuring impact.

In 2009, the Public Library of Science (PLOS) launched the Article-Level Metrics (ALMs), which
comprise the information of downloads, views, saves, discussions and citations of a paper,
initiated the participation of usage data in the impact assessment (Neylon and Wu, 2009). It
is believed that using such multi-source data would present a much fuller perspective of each
article’s impact and boost the emergence of new metrics (Tananbaum, 2013). The Altmetrics,
proposed by Priem et al. (2010), claimed to be “tomorrow’s filters” for selecting the most
relevant and significant scholarly literature. Altmetrics present more diverse measures by
tracing diverse activities in online tools and environments (Mingers & Leydesdorff, 2015).
According to Galligan and Dyas-Correia (2013), the development of altmetrics framed with
capturing broader impacts of academic papers based on crowdsourcing data in social media
platforms such as Twitter, Facebook, blogs, online peer review systems, collaborative
bookmarking tools and reference management services, which are beyond the traditional
citation-based indicators. Altmetrics are recognised as the complement to the traditional
citation-based metrics, providing an interesting option to measure impact beyond the science
(Tahamtan & Bornmann, 2020). Bornmann (2014) also argued that using online information
for alternative metrics starts with "webometrics" or "cybermetrics". The difference between
webometrics and altmetrics is the content that is being analysed. The former mainly concerns
web page analysis as text (e.g., blog analysis in Shema et al., 2015), and the latter emphasises
usage data collected from common social platforms. Overall, various types of metrics have

been added to the evaluation toolbox, and they are expected to complement the traditional
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bibliometric indicators by presenting a much fuller perspective of research impact (Bar-llan

et al., 2018).

Throughout the literature above, we could summarise that altmetrics emerge from two main
aspects. On the one hand, researchers are exploring alternatives to the limitations and failings
of traditional evaluation methods and indicators. On the other hand, the use of online tools
and social media network for the research communication create massive amounts of online
data, and these data can be used to form indicators, as they are countable now. Hence, the
change in academic communication behaviours and shortcomings of traditional evaluation

methods drives the study of altmetrics.

3.4.2 Definition of altmetrics

Although the relevant research on altmetrics has been in full swing, a universal definition of
altmetrics is still lacking (Erdt et al., 2016; Haustein, 2016; Sugimoto et al., 2017). When the
term altmetrics is proposed initially, Priem et al. (2010, p.2) address that “this diverse group
of activities (that reflect and transmit scholarly impact) forms a composite trace of impact far
richer than any available before. We call the elements of this trace altmetrics.” This
representation is introducing altmetrics rather than defining it. Priem et al. (2012, p.1) further
propose altmetrics as “the study and use of scholarly impact measures based on activity in
online tools and environments.” Adie and Roe (2013) also define altmetrics from a study
perspective, "the creation and study of new metrics based on the Social Web for analysing
and informing scholarship". In addition, as Erdt et al. (2016, p.1117) state, "Altmetrics is an
emergent research area whereby social media is applied as a source of metrics to assess

scholarly impact."

From an approach perspective, Piwowar (2013b, p.159) states that “scientists are developing
and accessing alternative metrics, or ‘altmetrics’ - new ways to measure engagement with
research output.” Weller (2015, p.262) defines altmetrics as “the evaluation methods of
scholarly activities that serve as alternatives to citation-based metrics”, specifying the

measurements in social media environments.
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Several scholars define the term from a measurement perspective and emphasise the metrics’
scope in a social media environment. Haustein et al. (2014, p.1146) define that "Altmetrics,
indices based on social media platforms and tools, have recently emerged as alternative
means of measuring scholarly impact". Shema et al. (2014, p.1019) define altmetrics as "a
term used to describe web-based metrics for the impact of scholarly material with an
emphasis on social media outlets as a data source". Barnes (2015, p.122) states these new
metrics are "based on the social web" for analysing and informing scholarship. Haustein (2016)
criticises and suggests that the term should be replaced by social media metrics consequently.
Besides, Rousseau and Ye (2013) believe that altmetrics are generated from the intersection
of network and information metrics and should thus be named as influmetrics or web-based
social influmetrics. Haustein et al. (2016) further propose a definition of altmetrics with an
emphasis on data accessibility, “events on social and mainstream media platforms related to
scholarly content or scholars, which can be easily harvested (i.e., through APIs), and are not

the same as the more ‘traditional’ concept of citations” (p.374).

Bornmann (2014) recognises altmetrics as the complement to the traditional citation-based
impact measurements, which are considered an interesting option for assessing the societal
impact of research. Galligan and Dyas-Correia (2013) expect altmetrics to provide an
alternative measure of impact to distinguish the Journal Impact Factor, "which has been
categorically misused and fails to respond to the digital environment that scholarship takes
place in today" (p.56). Indeed, altmetrics, outside the scope of traditional measurements,
expect to quantify web-driven academic interactions, such as how research output is tweeted,
blogged or bookmarked (Howard, 2013). Altmetrics also include the usage of data such as
viewing and download statistics, although such data have been accessible longer than web-
based media applications (Haustein et al., 2016). Altmetrics provide more interpretations of
specific impact, which differ from the citation-measured impact from an academic
perspective but more like the online impact of research (Zahedi et al., 2014). Citation count

is a valuable sign of conventional scholarly impact, while altmetrics can tell reactions of public
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and non-academic insightful impact, which can be used to predict later citations. Thus, both
measurements are needed to prove a comprehensive influence of research (Stacy et al., 2016).
It seems altmetrics are complementary rather than an alternative to citation-based indicators
currently, and they may outlive the traditional metrics subjecting to the standardising states

of the new metrics (Galligan & Dyas-Correia, 2013; Haustein, 2016).

Through the above literature, the main differences in current definitions are to define the
altmetrics from which perspective, for instance, from the perspective of study, method, and
measurement. In this thesis, we focus on the measurement perspective of the altmetrics.
From the measurement perspective, a common understanding is that altmetrics are new or
alternative metrics for measuring the impact of research output, which differ from traditional
metrics like citations (Erdt et al.,, 2016; Haustein et al.,, 2016; Shema et al.,, 2014). The
arguments, however, are where altmetrics originate —activities in online tools and
environments (Priem et al., 2012), based on social media platforms and tools (Haustein et al.,
2014), social and mainstream media platforms (Haustein et al., 2016), or social media outlets
(Shema et al., 2014), and what impact they measure — reflecting scholarly impact (Priem et
al., 2012; Haustein et al., 2014 ) or more interpretations of research impact (Bornmann,2014;

Zahedi et al., 2014).

In this thesis, we apply a clear and straightforward definition of altmetrics based on a
measurement perspective: “altmetrics are indices based on social and internet media
platforms and tools (Haustein et al., 2014, p. 1145)”. Regarding the impact that altmetrics
could reflect, we hope altmetrics and traditional metrics could be applied together to

demonstrate a much fuller impact of research output (relevant research, see Chapters 6 & 7).

3.4.3 Advantages of altmetrics

Altmetrics could provide several potential advantages. Piwowar (2013) believed that
altmetrics is superior in terms of timeliness, diversity of indicators and diverse audience
compared to traditional citation-based metrics. Wouters and Costas (2012) advised four

arguments about the advantages of altmetrics, including the diversity of sources and filtering,
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speed, openness, and usage in measuring scientific performance. Most literatures addressed

the advantages of altmetrics from the following aspects:
1. Broadness

Bornmann (2014) referred to "broadness" as a broader impact beyond science that
altmetrics could measure. Altmetrics are expected to provide new insights into the impact
of research and change the situation by only using citation-based indicators to explain the
scientific impact (Konkiel, 2013; X. Wang, Mao, et al., 2014). Zahedi et al. (2014) were
concerned that altmetrics could represent the online impact of research work because of
its appearance on social media and online platforms. Moed and Halevi (2015) believed
that altmetrics might provide a broader public with some perspectives on research
popularity and research interest. Tahamtan and Bornmann (2020, p.17) pointed out,
“altmetrics may capture a different aspect of societal impact (which can be called
unknown attention) to that seen by reviewers (who are interested in the causal link
between research and action in society).” Furthermore, when deciding on fund support,
some scientific institutes request that the candidate project provide information on the
potential impact that might be generated (Stacy et al., 2016). Bornmann (2014) revealed
that the US National Science Foundation has criteria for societal impact potentials for the
candidate applicant. It is argued that altmetrics are expected to become the
supplementary indicators for justifying research project budgets or as a reference to
support decision-making on project funding, recruitment and promotions for research
institutes (Bornmann, 2014). Piwowar (2013) explained the broad impact from the
perspective of audiences. The audiences of indicators should be not only the scholars but
also "the practitioners, clinicians, educators and the general public". It emphasises the
broad users who may benefit from the research findings. Mohammadi et al.(2015) also
mentioned that clinical medicine papers might quickly generate an impact in clinical
practice because they are favoured to be read by everyone. However, only scholars who
cite the paper could prove the academic impact generation, whilst possible clinical
practice’s impact is difficult to trace. Therefore, altmetrics may indicate this kind of broad

impact complementally (Mohammadi et al., 2015).
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2. Diversity

Altmetrics are diverse in data and assorted data sources. Altmetrics track the online
activities of scholarly product on various platforms, which include online reference
management software such as CiteULike, Mandeley and Zotero, social media networks
such as Twitter and Facebook, scholarly social network such as Research-Gate and
Academia.edu, academic and non-academic Blogs, online encyclopaedia such as
Wikipedia, and more different online tools for research communication (Priem et al.,
2012). The diverse group of online activities forms a composite trace of impact far more
affluent than the traditional citations and cited sources (Priem et al., 2010). Konkiel (2013)
addressed the diverse features of altmetrics from the perspective of the user group (i.e.
scholars, researchers, students, librarians, policymakers and institution managers) and
the types of engagement in scholarly context (i.e. views, saves, discussions, formal
references and recommendations). Konkiel (2013) also believed the diversity

characterised the "impact flavours". Piwowar (2013) pointed out that altmetrics are
diverse in audience, i.e. not only scholars but also medical practitioners, clinicians,
teachers, students, and the public. Bornmann (2014) stated that altmetrics offer the
opportunity to evaluate a greater diversity of scholarly products where citation could not
apply, for example, the datasets, copyrights, software, algorithms, videos, grey literature,
slides, as well as a variety of scholarly services such as teaching, online courses, reading

lists and more. In cases where the citation does not apply, there may be more aspects of

using altmetrics to determine the impact.
3. Speed

One primary advantage of altmetrics is that they gather timely reactions to new scientific
research outputs as soon as they are released, even before the formal publication (Patthi
et al., 2017; Weller, 2015). According to Priem, Piwowar and Hemminger (2012), the
collection of altmetrics data is based on open programming interfaces (APIs), and many
social media networks and online tools offer free access to these real-time data. Hence,

the impact of a scientific work can be tracked immediately after its publication. Citation
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count is a reliable and effective measurement for evaluating academic impact. However,
its most significant limitation is time lagging. One altmetric data, Mendeley readership,
has been validated to be significantly positively correlated with the citation count, and it
starts to accumulate data right after the publication of the research output (Bornmann &
Haunschild, 2016a; Li et al., 2012; Mohammadi & Thelwall, 2014; Mike Thelwall & Wilson,
2016). Citing and waiting to be published take years; therefore, altmetrics can be used as
substitutes in some informal evaluations (Mohammadi & Thelwall, 2014). Furthermore,
micro-blogging social media platforms such as Twitter and Facebook may assist scholars
in publishing research findings before completing a paper to gather prior reactions from
peers and readers before publishing (Darling et al., 2013). Additionally, preprint papers
can gather early and timely comments as well. Although speed has been seen as a
characteristic feature of the altmetrics, accumulating velocity of each altmetric data
differs (Fang & Costas, 2018). Fang and Costas (2018) classified altmetrics data with fast
and slow sources and argued that the events labelled as slow sources should not share

the usefulness of speed.
4. Openness

Altmetrics collects data through open Applications Programming Interfaces (APIs), and
integrating data and sources from different online platforms becomes easy when more
data providers agree to access their specific APIs freely (Priem, Piwowar, et al., 2012). The
format of altmetrics supports a trend of open data for every user. Besides, altmetric data
comes from definite software or platforms such as reader count in Mendeley or likes in
Facebook, which has clear boundaries and data types to help with data analysing and the
interpretation of findings (Bornmann, 2014). Wouters and Costas (2012) argued the
openness of altmetrics from a more political perspective, the balance between openness
and transparency. As Wouters and Costas (2012) illustrated, Google Scholar is more open
and accessible for scientific work searching, while the Web of Science database requires
subscriptions, and the reality is that the Web of Science has a more transparent
construction of the database and reliable indicators than Google scholar does. Despite the

fact that openness is a valuable resource, free online-based tools do not always have
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superior performance than those profitable data services. If using altmetrics as a research
evaluation tool, transparency and reliability of data might be a higher priority than free
accessibility to beat the dependency on current commercial databases (Wouters & Costas,

2012).

3.4.4 Disadvantages of altmetrics and research challenges

Altmetrics has drawbacks, just as the benefits they offer. Bornmann (2014) pointed out four
main disadvantages of altmetrics: commercialisation, data quality, missing evidence and
manipulation. Haustein (2016) discussed the challenges of altmetrics in three aspects:
heterogeneity, dependency and data quality. Adie (2014) proposed more practical issues for
future study, for instance, a clear understanding of altmetrics and how they ought to be used,
ongoing development of altmetrics tools and practice within the community, and the
availability and reliability of altmetric data. The following paragraphs will discuss these

arguments in detail.

Firstly, regarding the lack of systematic theory, Priem (2014) believed that the study of new
sources for impact measurements (i.e. patents, affirmations, mentorships, and academic
hyperlinks) usually started before developing foundations for hypothetical theory. A
systematic theory of altmetrics ought to be needed for the new field, yet optional in the early
stage of the study (Cronin & Sugimoto, 2014). Haustein (2016) also believed that
heterogeneity, one feature of altmetrics, leads to difficulty in building up a universal definition
or theoretical framework due to the variety and complexity of social media acts that
altmetrics are based on. Besides, it is unclear whether altmetric data and indicators obtained
from different media sources could reflect academic influence, public interest or something

else.

Secondly, the ease of manipulating or gaming of altmetric count has been mentioned by
several papers (Cronin & Sugimoto, 2014; Erdt et al., 2016; Gamble et al., 2020; Patthi et al.,
2017; Thelwall, 2020). Manipulation in traditional metrics has been discussed for a long while.

For altmetrics, manipulating is even easier. Altmetric data count could be inflated through
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numerous anonymous online accounts without difficulty, so gaming is a prominent issue on
the negative side of altmetrics. It is suggested designing an effectively recognising mechanism
to restrain gaming as patterns are easily identified in big data environments (Galligan & Dyas-
Correia, 2013), whilst Gamble et al. (2020) believed that not all suspicious actions are
detectable. Gamble et al. (2020) revealed that there is 2.4% of tweets were carried by bot
accounts for tweeting dental journals in the US. Moreover, another area to be easily gamed
is to vote "like" for a tweet or other online material (Gamble et al., 2020). It is not easy to
identify that a "like" supports the original paper's content, arguments in the comment,
research idea or something else. The meaning of this element is very uncertain and easily to
be gamed. Bornmann (2014) also criticised the social media networks today that lack quality
control and processes for linked users when offline, which would produce high altmetric

scores for articles.

Thirdly, altmetrics are prone to biases towards younger scholars with more web visibility
(Galligan and Dyas-Correia, 2013). It is argued that many researchers rarely utilise online
media, so bias potentially exists within the measurements. Conversely, Priem et al. (2011)
found that the PhD students are not more dynamic than university lectures on Twitter.
Disciplinary difference is also a factor for bias. Cronin and Sugimoto (2014) suggested that in
fields such as the digital humanities, more academics use Twitter and generate a higher

number of tweets than the conservative technical disciplines.

More importantly, data quality issues are becoming more significant in recent years. Several
papers have addressed the concern about data accuracy, consistency, reliability, replicability,
data coverage, and durability (Bornmann & Society, 2014; Haustein, 2016; Konkiel, 2013;
Ortega, 2018b; Zahedi & Costas, 2018). Altmetric data are more accessible to obtain through
open APIs. In contrast, different times of collection, accessibility of particular papers, or varied
data collection methods can lead to inconsistency among data collectors. As altmetrics are
especially subject to the accessibility of APls and DOls, they would emphatically rely on data

suppliers and aggregators, conceivably affected by the technical limitations of operating
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platforms (Haustein, 2016). Indeed, altmetric data rely upon the characteristics of the
datasets and the frameworks where they are filed. According to Erdt et al. (2016), using the
correct search query is also important, as not all research publications have DOls. Besides,
different sites and platforms may have different URLs for the same research paper. Hence,
only relying on DOI to track data is not accurate. However, resolving all links related to the
research output could be more challenging (Erdt et al., 2016). Liu and Adie (2013) were
concerned with data collection issues such as missing links or duplicated content. It is
particularly challenging to capture meta-data in multi-media sources such as recordings or

videos, which do not have DOIs or links but only verbal content.

We can see that the data quality and reliability issues are becoming more critical as the use
of altmetrics in research evaluation grows. It is essential to understand the extent of data
reliability of altmetrics before using it as an evaluating tool. Therefore, we will consider these

issues in the following research and provide our analysis (Chapter 4).

3.4.5 Difference between altmetrics and traditional metrics

Traditional evaluation methods for research impact mainly referred to qualitative approaches
such as peer reviews and quantitative metrics such as the journal impact factors and the h-
index (Aung et al., 2019; Ezema, 2017). Priem et al. (2012) claimed that the traditional
methods for selecting significant literature are failing, as the volume of academic material is
surging today and scholarly communication has become moved online. Altmetrics, which
provide alternative measures of impact through tracking the readership, transmission, and
use of scholarly publications in online tools and social media, are promising metrics (Priem et
al., 2012). Compared to the traditional methods, altmetrics have the potential to measure
research influence faster, real-timely, and widely cover diverse research outcomes, sources

and a broad range of non-academic audiences (Ezema, 2017).

As discussed in Section 4.1.1, traditional metrics suffer from the time-lagging issues. Aung et
al. (2019) argued that the time to accumulate citations for a piece of scholarly work could be
years, obstructing the timely measurement of impact. Altmetrics are usually timely data
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indicating proof of impact in days rather than years (Piwowar, 2013). Altmetrics collect
interaction data of scholarly output from online and social media tools such as Mendeley,
ImpactStory, Twitter, Facebook, blog post and so on immediately after the interactive events
happened, which makes estimation of influence quicker and shorter. Altmetrics could
measure the impact of a scholarly work just a couple of days or weeks after it has shown up
(Mohammadi & Thelwall, 2014). On the other hand, Galligan and Dyas-Correia (2013)
believed that abundant bookmarks and discussions implied great public support. Altmetrics
can supplement the traditional method of peer review prospectively and takes less time. As
Priem et al. (2010) addressed in their manifesto, the speed of altmetrics increases the chances

of creating real-time recommendations and synergistic sifting systems.

According to Galligan and Dyas-Correia (2013), the traditional metrics count citations in
academic publications, whilst the altmetrics count the number of mentions in blogs, Twitter
and other online media, which are non-publishing carriers. Hence, altmetrics have different
dimensions of measurement compared to the traditional methods. The traditional methods
also ignore many non-journal forms of research outputs such as scientific blog posts,
slideshows, datasets and scholarly dialogues; in contrast, altmetrics measure mentions in new
forms of research output that jump out of the journal level (Galligan & Dyas-Correia, 2013).
Additionally, altmetrics determine the impact of scholarly work by tracking its relevant events
on social media platforms; such measuring perspective is novel and allows discovering new

insights into the impact (Ezema, 2017).

Another significant difference is that journal metrics are refereed. The current commercial
database such as Web of Science (WoS), safeguards the quality and reliability of their
indicators based on referees of core journals (named as the core collection on its platform?).
The traceable path of referees increased the transparency and reliability of data quality.
However, there is no such core referee for the altmetrics. The quality of a paper is no doubt

the essence of the research assessment, whilst altmetrics could not determine the quality of

L https://clarivate.com/webofsciencegroup/solutions/web-of-science/
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a scholarly output as competent as traditional metrics do. Although the research on altmetrics
is increasing, the absence of normalisation across datasets and framework impede its

generalizability (Konkiel, 2013).

Lastly, altmetrics measure more dimensions of impact than citation-based metrics. Several
empirical studies have shown that Mendeley's readership is positively and moderately
correlated with citation, reflecting a certain value of academic impact (Li et al., 2012; Torres-
Salinas et al., 2017; Zahedi et al., 2014). Mohammadi et al. (2015) investigated Mendeley’s
user categories and believed Mendeley could monitor students' reading preferences.
Therefore, it probably reflects the educational value of research outputs. Mohammadi et
al.(2016) further conducted a survey of motivation for using Mendeley’s bookmarking, and
the results indicated that Mendeley’s bookmarking count might reflect a combination of

scholarly impact and wider educational impact.

Altmetrics could measure social engagement by capturing discussions of scientific papers
online (Bornmann, 2014). Robinson-Garcia et al. (2018) believed social media metrics could
help identify the social interactions between researchers and people outside the scientific
field so that they have the potential to assess societal impact. Pulido et al. (2018) carried out
a content analysis of posts on Facebook and Twitter and only found minor evidence to prove
the societal impact, which is not sufficient to say social media metrics are good indicators of
social impact. Although there are no constant opinions on what altmetrics are measuring, the
idea that social media indicators provide different dimensions of measurement for research
impact (Costas et al., 2015; Jobmann et al., 2014; Martin-Martin et al., 2016; Pulido et al.,
2018). Altmetrics may capture a different aspect of societal impact, such as public
engagement (Khazragui & Hudson, 2015), popularity of research (Xia et al., 2016) or unknown
attention (Tahamtan & Bornmann, 2020). To sum up, altmetrics measure a wider impact
beyond science, possibly complementing the citations to show an integrated impact of

research output.
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3.5 Altmetrics platforms and data sources

3.5.1 Terms and classification

The altmetrics, as an emergent research field, covers various social media applications as data
sources to assess scholarly impact (Erdt et al., 2016). Before understanding what kind of data,
sources and hosts are contained in the scope of altmetrics, it is necessary to interpret the
relevant terms clearly. Table 3.1 lists the interpretation of generic terms of altmetrics

illustrated by Haustein et al. (2016). In addition, examples of the terms have been added to

the table.
Table 3.1 Term interpretations in altmetrics (Haustein et al., 2016)
Term Interpretation Examples
Research | A research output or research agent for | journal article, conference paper,
object which an event can be recorded patent, individual scholar
Event a recorded act/activity related to the | download, bookmark, tweet
research object
Host the place where research objects are | Erdt et al. (2016) remark that
made available and exposed to | ‘hosts’ often act as ‘data sources’.
potential events; For example, Mendeley recorded
the readership of papers.
Source a platform where events are available Mendeley, Twitter
Consumer | a party that collects and uses events to | Publisher, altmetrics provider,
research objects researcher
Aggregator | a type of consumer who collects and | Altmetric.com, ImpactStory, PLOS
provides events to research objects with | ALM, Plum Analytics
a specific methodology
End-user/ | a type of consumer who uses and | Researcher, librarian, research
Audience | applies events in a specific context and | institute, funding body.
intention

According to Haustein et al. (2016), altmetrics are based on events created on social media
platforms, and those events are formed by a series of acts ( e.g. saves, reads, downloads) that
are related to the research object (e.g. scholarly output). Lin and Fenner (2013) grouped the
acts relevant to the research object into five categories based on types of engagement:
viewed, saved, discussed, recommended and cited. When PLOS introduced the Article-level-
Metrics (ALM), their indicators were sorted into five categories. Haustein et al. (2016)

classified the acts that led to the online events into three categories: accessing, appraising,
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and applying, and argued that these three categories have covered all stages and aspects of

use and interaction with the research outputs.

Regarding the other classification of altmetrics, Glanzel et al. (2019) classified the existing
online tools from the functional perspective, which includes social bookmarking tools,
microblogging tools, blogs and encyclopaedia. Liu (2016) addressed several levels of
altmetrics based on the types of research output, such as journal paper level, book levels,
databases and software levels, video levels, conference presentations and poster levels and
so on. Jin et al. (2019) classified the source of altmetrics into two categories: original data
sources and data aggregating tools. The original data sources category includes direct
altmetric data sources such as Google+, Facebook, etc. Data aggregating tools such as
Altmetric.com and PLOS ALM provide aggregated altmetrics from other data sources. The
characteristic of data aggregated tools is that they do not generate data themselves whilst

providing integrated altmetric data and analysis.

3.5.2 Altmetrics aggregators

Over the past few years, several altmetrics aggregators emerged to serve as altmetrics
providers. One could gather sources independently or capture data from other hosts to
become a secondary or tertiary altmetrics provider or aggregator (Erdt et al.,, 2016). The
aggregator focuses on the host that collects different events and aims to aggregate new
alternative metrics. In contrast, some hosts, such as Mendeley, which generates events locally,
would be classified as sources or data sources. Below, a few popular altmetrics aggregators

in use are introduced.

(1) Altmetric.com

Altemetric.com (http://www.altmetric.com/) was founded by Euan Aide in 2011. It tracks
online activities related to a research output from blogs, Facebook, Twitter, major news and
other different social media networks, and calculates the impact of the research output into

a score, which is called "Altmetric Attention Score" based on weighting the data gathered
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from different social media source?. Altmetric.com now provides its products to publishers,
institutes, individual users and researchers (through the altmetric bookmarklet) to check the
attention score for the relevant scholarly content and all attention data collected. Several
famous publishers such as Springer, Taylor & Francis, Wiley and Elsevier have illustrated
altmetric score and altmetric data of published papers on their websites (Tahamtan &
Bornmann, 2020). According to the official website of Altmetric.com, the impact of more than
9 million academic documents by the end of 2018 has been tracked. The current data sources
that Altmetric.com traced include Twitter (named as X from 2023), Facebook, Policy
documents, News, Blogs, Mendeley, Scopus, Post-publication peer reviews, Reddit, Wikipedia,
Q&A (Stack Overflow), F1000Prime recommendations, YouTube, Open Syllabus, Web of

Science and Patent Citations (Wu et al., 2016).

(2) PlumX

Plum Analytics (http://www.plumanalytics.com) was founded by Andrea Michalek and Mike

Buschman in 2012. The vision of Plum Analytics is to provide modern and timely indicators
collected from social media networks, open access repositories, and other online tools to
determine the valuable research output, aiming to break through the dependence of
traditional evaluation systems on citation count®. Plum Analytics was acquired by EBSCO in
2014 and then Elsevier in 2017. Now, it has embedded in the Scopus literature database to
present available metrics alongside the Scopus documents®. PlumX metrics (hereinafter
referred to as PlumX) contain a comprehensive set of article-level metrics to demonstrate
how people interact with academic outcomes online beyond the traditional citation metrics.
Plum Analytics also provides a customised service of altmetrics for paid institutions. According
to the figure on its website, Plum Analytics has collected about 52.6 million literature data by

the end of 2018.

2 www.altmetric.com
3 https://plumanalytics.com/about/

4 https://www.scopus.com/
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(3) PLOS

The Public Library of Science (PLOS) is a non-profit open-access scientific publishing program
that aims to create an open-access library of journals and other scientific literature under the
open content license. It started implementing Article-Level Metrics in March 2009 to measure
the performance of research papers published by PLOS (Lin & Fenner, 2013). PLOS provides
five categories of metrics. The indicators in the ‘viewed’ category refer to the activities of
users retrieving online papers, including HTML web browsing, PDF downloads and XML
downloads. Meanwhile, it combined with PubMed Central to provide metrics such as page
views, downloads and Figshare browsing data. The ‘saved’ category includes saving a paper
to an online literature management tool. The other categories are ‘discussed’, ‘recommended’

and ‘cited’.

(4) ImpactStory

ImpactStory (http://impactstory.org/) is a non-profit and open-source network platform that

aims to help researchers discover and share the online impact of their research®. Heather
Piwowar and Jason Priem founded the ImpactStory, which is currently receiving funding from
the National Science Foundation (NSF) and the Alfred P. Sloan Foundation. The ImpactStory
has established a new academic reward system to encourage researchers to reveal their
research achievements via online data. The data sources used by ImpactStory include Twitter,
Mendeley, CiteULike, Delicious, F1000 reviews, SlideShare, GitHub, and the metrics collected
from altmetric.com, including blogs, Facebook, Google+, Wikipedia and other online sources
(Galligan, 2012). It is argued that ImpactStory demonstrates well the impact of individual

researchers as it has a high coverage of data on Twitter, particularly (Kraker et al., 2015).

Additionally, ImpactStory distinguishes the impact measurement from the perspective of the
audience. It separately measures research outputs' scholarly and public impacts (Peters et al.,
2014). The scholarly impact measurements refer to the indicators derived from specific

platforms, for example, Mendeley and Scopus, and the public impact measurements are

5 https://profiles.impactstory.org/
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those indicators demonstrating a broader interest of the public, such as the count of Twitter,

Facebook, or Wikipedia.

(5) Crossref Event Data (CED)

Crossref Event Data (CED) (www.eventdata.crossref.org/) is a Crossref service that provides

unique records of the relationship between a research publication and its relevant online
events (academic and social activities). CED aims to capture the online activities for specific
scholarly content such as publications’ discussing, sharing, and commenting on social webs
and then distribute these data to various users. According to the CED official website, event
data has several distinctive purposes: 1) serving scholars to understand how their research
outputs have been used and mentioned; 2) helping readers to access more information about
published articles; 3) to understand the research impact beyond citations; 4) more users such
as publisher, service provider, or data analysis organisation can access a variety of sources
that provide opinions on research articles and use their tools to analyse, interpret, and report

data.

In CED’s broad sense, anyone mentioning a research publication with a registered DOI at any
place online is considered an event. However, CED could not record all the online events due
to its limitation on tracking websites and the way of tracking (only the publication’s DOI or
URL could be tracked). CED now collects raw data from a selection of sources and agents,
including Crossref metadata, DataCite metadata, Faculty Opinions, Newsfeed, Hypothes.is,
Wikipedia, Twitter, Reddit, Reddit links, Stack Exchange Network and Wordpress.com®. It is
seen that the sources collected by CED are still limited. CED’s own explained that some
resources did not have public access, and some academic sources were not easy to establish
a suitable agent. We must note that CED only provides raw data without integration or
metrics, so how to use these data depends on the users. Since all data is automatically
collected, the CED has referred that errors, delay, and linkage mistakes may be included in

the original data, and data quality cannot be guaranteed sometimes for specific use cases’.

5 https://www.crossref.org/services/event-data/#00354

7 https://www.crossref.org/services/event-data/#00354
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(6) Dimensions

Dimensions (https://www.dimensions.ai/) is a new scientific information platform launched

by Digital Science in January 2018. The Dimension platform aims to create an open and
powerful "research data tool" for users to explore all linked data of a research lifecycle in one
single platform. Dimensions collect various types of academic content data within a research
lifecycle, for example, research grants, datasets, publications, policy documents, clinical trials
and patents, so that it is possible to trace research from the beginning of the research idea to
the generation of research impact®. The Dimensions covers over 120 million research
publications from 87,000 journals, more than 1.5 billion citations, 11 million datasets, 6
million grants, 188 million online mentions, 743k policy documents, 671k clinical trials, 140
million patents etc.? It is said to be the world's largest linked research information dataset.
The Dimensions now has five main products: the accessible version of the Dimensions
platform, Dimensions Analytics, Dimensions Profiles, Dimensions on Google BigQuery and
Dimensions Lift Sciences & Chemistry, and aims to serve researchers, academic institutes,
publishers, government and funders, corporate research and development for understanding

the research with a broader picture of life cycle and comprehensive impact.

The Dimensions platform is not limited to the publication data as most platforms do but is
more focused on the data arising in the research process. Williams (2018) outlined the
Dimensions' data into pre and post-publication stages. For instance, the former category
includes data on research (idea), grants, conferences, and data sets, and the latter includes
tweets, blogs, citations, clinical trials, patents, etc. The wide range of data enrichment
processes could help to track and understand a research cycle and assist the research results
to become more comprehensive and meaningful. The good news is that these process data
are easy to reach for Dimensions’ users. It is free to check information through web interfaces,

and metrics APl are made accessible to construct off the batch data.

8 https://www.dimensions.ai/why-dimensions/

% https://www.dimensions.ai/
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Orduia-Malea & Delgado-Lopez-Cdzar (2018) produced a coverage analysis for Dimensions
and found that the annual growth of scientific literature (number of journal paper records per
year) is currently higher in Dimensions than in Scopus and Web of Science Core Collection.
Google Scholar has a slightly higher coverage of papers than Dimensions, whilst its annual
growth of papers is relatively unstable between the years 2012 and 2018. For the citation
counts of the analysing sample, it is found that Dimensions’ record is slightly lower than that
of Scopus. However, the metrics correlations at three levels, including author, document, and
journal, are very high between Dimensions and Scopus. Ordufia-Malea & Delgado-Ldpez-
Cézar (2018) believed that the Dimensions combines the favourable functions of classic
bibliographic databases (e.g. availability of metrics, search filters, and sort results
functionality) with some of the characteristics of Google Scholar (e.g. superior coverage,
simple search tool, fast and precise, and free) so that it is an emerging platform with potential.
Bornmann (2018) questioned the reliability and validity of the field classification system on
Dimensions, which used machine learning techniques to assign the field of a paper rather
than the traditional method on journal disciplines. The results showed that most papers in
the sample had been misclassified. Thus, the new feature of Dimensions on field classification
may lead to a mistaken result, especially the field-normalised citation scores demonstrated
in the Dimensions (Bornmann, 2018). More validation studies on Dimensions would be
needed, and this new scholarly search database does broaden the use of scholarly

information from a new perspective.

(7) Mainstream publishers

It is worth noticing that many world-leading journal publishers such as Springer, Elsevier,
Taylor & Francis, Wiley, PLoS, Sage, IEEE, Science and Nature both presented altmetrics (or
Altmetric Score) for their published articles. Mainstream publishers attach importance to
altmetrics, reflecting the usefulness of altmetrics for impact measurement (Tahamtan &
Bornmann, 2020; Mike Thelwall, 2020). Erdt et al. (2016) classified the publishers to be
altmetrics aggregators as they demonstrate the different usage of events. In 2015, Springer
and Altmetric.com cooperatively developed the platform “Bookmetrix”, which provides the

metrics of Downloads, Readers, Mentions and Citations for Springer’s publications in book
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level and chapter level™. Publishers such as Taylor & Francis Group, SAGE and IEEE embed the
Altmetric Score directly alongside the link of papers on their websites, including page views,
downloads and citations together for readers. The publishers’ conversion may reflect that

measuring the impact of a journal paper by citation alone is already changing.

3.5.3 Data sources used in the altmetrics

Various data sources are famous for being tracked by altmetrics aggregators. The collection
of data sources is determined by each aggregator according to its strategy and designed
indicators (Jin et al., 2019). A wide range of data sources can make alternative metrics
diversified. Barnes (2015) listed a few popular forms of data sources that altmetrics trace,
including (1) micro-blogging or short-message services (e.g. Twitter), (2) social networking
sites (e.g. Facebook, Research Gate), (3) blogs (e.g. WordPress, Blogger), (4) social
bookmarking networks (e.g. Delicious), (5) academic bookmarking platforms (e.g. CiteULike,
Mendeley), (6) peer review services (e.g. F1000Prime), (7) academic networks (e.g.

Academia.edu), and (8) collaboratively edited online encyclopaedias (e.g. Wikipedia).

According to Wouters et al. (2019), the typical social media platforms used as data sources
include Twitter, Facebook, various Blogs, News, Wikipedia, YouTube, Policy documents, etc.
Some data sources had been used before, whilst gradually discontinued in later days, such as
LinkedIn and Connotea. Many data sources are rarely used, such as Flickr, Technorati, Sina
Weibo (a Chinese microblog), and data from different organisations, for example, CRIS
(Current Research Information System), WIPO (World Intellectual Property Organisation), QS
(Quacquarelli Symonds—a global provider of specialist higher education and careers
information and solutions), SSRN (Social Science Research Network), ADS (Astrophysics Data
System), bit.ly (a URL shortening service), and COUNTER (Counting Online Usage of

Networked Electronic Resources) (Erdt., 2016; Wouters et al., 2019).

10 https://www.digital-science.com/press-releases/springer-and-altmetric-to-launch-bookmetrix-a-new-

platform-for-book-impact/
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The following sections review a few data sources (or platforms) that commonly used among

altmetrics aggregators.

Mendeley

Mendeley is a well-known reference management software that helps users manage and
share research papers and engender bibliographies. It was founded in 2007 and then acquired
by Elsevier in 2013*!. According to Mendeley’s official website, the latest version of the
software is able to plugin citations in a desired style (e.g. APA, IEEE, etc.) in a Word document,
organise and read all references in own created library, and collate all personal comments
and highlights of multiple PDFs on Mendeley Notebook?™. It offers “readership” statistics
which capture the number of Mendeley users who have saved a given publication (together
with their academic statuses, countries and disciplines). Mendeley is also a scientific
networking platform where scholars can connect with peers online and collaborate easily

(Rodgers & Barbrow, 2013).

Although several other reference management tools, such as RefWorks, Zotero, and EndNote,
are also popular, Mendeley has the highest coverage in use (Tahamtan & Bornmann, 2020).
Mendeley software is free for users, which progresses the widespread usage. . The readership
data is also easy to gather via open API so that many altmetric platforms provide Mendeley
Reader Count as a readership metric (Alhoori & Furuta, 2014). Zahedi et al. (2014) studied the
different altmetric data collected from Impact Story and found Mendeley is the major source
for altmetrics. Mendeley readership data covered 62.6 % of all papers studied, whilst the
other source such as Twitter (1.6%), Wikipedia (1.4%) and Delicious (0.3%) has much lower
data coverage. Zahedi et al. (2015) compared Mendeley.com, Lagotto and Altmetric.com with
30,000 random DOls and concluded that Mendeley is the highest altmetric event with a

coverage of 69% for all studied publications.

1 http://www.mendeley.com

12 https://www.mendeley.com/reference-management/reference-manager
54



Chapter 3. Literature review on traditional metrics and altmetrics for research impact

It needs to be noted that Mendeley's coverage varied by discipline. Mohammadi and Thelwall
(2014) analysed the extent of correlation between Mendeley readership and citation count
in different disciplines and found that social science subjects had a higher correlation
coefficient than humanities overall. The science-related discipline has the highest correlation
coefficient among their research, while lower correlations are of traditional humanity
subjects. However, they argued that the current correlation result could not demonstrate
Mendeley's readership measure in the same aspects of research impact as citations do.
Mendeley may capture a wider range of academic activities from different readers'
perspectives than citation counts (Mohammadi & Thelwall, 2014). Mohammadi et al. (2015)
further compared the Mendeley coverage in Physics, Engineering, Chemistry and Technology

and concluded that papers in Clinical Medicine have the highest coverage in their study.

Blogs

Blogs, as a new form of web-based media, emerged in the late 1990s, and their expanding
speed has been startling (Garden, 2012). It is argued that Blogs flourished rapidly after their
emergence because it allows individuals to post personal opinions and analysis freely and
engage in online conversations easily (Kenix, 2009). According to Fausto et al. (2012), many
prestigious scientific journals such as Nature, PLoS and Guardian have research blogs to
release the latest scientific news, and famous scholars such as Paul Krugman and Gary Becker,
the Nobel Laureates in economics, both run popular blogs. The motivation behind research
blogs mainly includes influencing their audiences, sharing findings, knowledge and skills and

exchanging ideas about their research (Shema et al., 2015).

Fausto et al. (2012) believe blogging effectively allows scientists to exchange ideas with peers
or the public. It could promote research production through scientific information sharing and
discussion and lift the dissemination of complex scientific findings through simplification and
explanation. Indeed, general readers without expertise may feel obscure to specific academic
knowledge, and blogs serve as a bridge. Upon the reduction of the public's barriers to
scientific expertise, blogs also bring more practical information services to the public. Shema
et al. (2015) discussed the popularity of medical blogs and addressed that the attention from
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mainstream media and the public also boosts medical experts and skilled people to use blogs

to discuss health issues.

Shema et al. (2014) studied the correlation between a journal article's "blog citations" and
the Web of Science citations. "Blog citation" means if a paper is reviewed and discussed in
ResearchBlogging.org, a peer-reviewed blog site, it receives a "blog citation". Their statistical
results supported the hypothesis that the articles with "blog citations" at
ResearchBlogging.org receive more WoS citations than those articles in the same journals
without "blog citations". Therefore, they proposed that blog citations could be considered as

an alternative metric source.

Glanzel et al. (2019) summarised that blogs, particularly scientific blogs and blogging tools
focused on peer-reviewed research, are emergent platforms for disseminating scientific
materials to academia and the general public. Blog mentions of scholarship (for example,
mention of researchers or academic institutes) and blog citations (mention of publications)
are the main metrics that can be obtained from these platforms. In addition, possible

available data could be gathered through the web interface or API (Glanzel et al., 2019).

Twitter

Twitter is a social networking service where people can share their thoughts and information
by posting comments, photos, videos and links. The information people share on Twitter
sometimes includes scholarly content, for example, papers and conferences, research news,
and research ideas, which provide an opportunity to use these data to evaluate the impact of

related scholarly works.

It is claimed that Twitter has an average of 330 million monthly active users and creates more
than 400 tweets each day?®. Barthel et al. (2015) believe that Twitter is a very useful data
source for altmetrics because it contains links to academic papers and they are traceable. The

context information in tweets can be further used for content analysis. Haustein et al. (2015)

13 https://www.statista.com/statistics/970920/monetizable-daily-active-twitter-users-worldwide/
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showed that the coverage of articles on Twitter was 21.5%, followed by other social media
platforms such as Facebook (4.7%) and blogs (1.9%). A Twitter user survey by Mohammadi et
al. (2018) showed that 45% of the respondents who have tweeted journal articles do not work
in academia. The large number of non-academic users who tweeted scholarly papers on
Twitter provides evidence to support using tweets count to measure the non-academic
impacts of scholarly research. In an analysis of 1968 tweets on research papers from the top
70 journals in the discipline of Psychology, Htoo & Jin-Cheon (2017) have found that the

tweets from non-academic users are twice as many as tweets from academic users.

However, there are issues and limitations in using Twitter data to measure the societal impact
of scholarly works. Robinson-Garcia et al. (2017) mentioned that in the study of tweets linked
to research papers from 47 dentistry journals, 74% of articles were tweeted using the bots
mechanism. These tweets are generated automatically without users knowing the content of
the papers. Htoo & Jin-Cheon (2017) suggested that for using Twitter data as a more valid
data source, it would be helpful to provide information on users’ characteristics, such as
gender, geographic distribution, etc. The additional information about the users would
increase the validity of the data and enhance the analyser to provide more insights and

interpretation from the data.

Wikipedia

Although articles were rarely cited on Wikipedia (2.6%), compared to Twitter or Mendeley
(Mas-Bleda & Thelwall, 2016), it still has the potential to be used as an altmetrics source as

an open-access encyclopaedia. However, it should be used cautiously as Wikipedia content

can be edited by anyone (Serrano-Lépez et al., 2017).

To sum up, it is predictable that data sources of Altmetrics will increase in later days when

new forms of communication platforms appear. Altmetrics may be further diversified.
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3.6 Some of the critical topics in altmetrics study

When the term “altmetrics” appeared not long ago, most scholars focused on the concept
and connotation of altmetrics, indicators and tools, and the relationship with traditional
citation metrics (see Section 3.4 & 3.5). Over the past recent years, the research on altmetrics
has gradually turned to more cross-metric validation of altmetrics and validations of data
quality which include the study of coverage of altmetrics, disciplinary differences,
inconsistency in altmetrics aggregators, effectiveness of specific data source and data
normalisation (see Section 3.6.1 & 3.6.2). The practical application of altmetrics is also widely

discussed and attempted (see Section 3.6.3).

3.6.1 Cross-metric validation

Not long after the concept of altmetrics emerged, scholars began investigating the
relationship between these new metrics and traditional metrics, especially the citation. The
early cross-metric validation between altmetrics and citations started from bookmarking data
in reference management tools (e.g., Haustein & Siebenlist, 2011; Li et al., 2012). Then, a mass
of studies have been carried in various data sources such as Twitter, Facebook, Blogs, Google+,
Reddit, Policy files, Q&A, and more (Barnes, 2015; Bornmann, 2014a; Costas et al., 2015;

Haustein et al., 2014; Meschede & Siebenlist, 2018; Repiso et al., 2019a).

Haustein and Siebenlist (2011) proposed four article usage indicators, including Usage Ratio,
Usage Diffusion, Article Usage Intensity and Journal Usage Intensity retrieved from
bookmarking data in CiteULike, Connotea and BibSonomy for the use of journal evaluation. Li
et al. (2012) found a significant correlation between bookmarking count and citation count.
Their results suggested that online reference managers may provide valuable data to help
measure scholarly impact. Zahedi et al. (2014) studied the performance of Mendeley, Twitter,
Wikipedia, and Delicious and their correlation with bibliometric indicators. The results
suggested that Mendeley readership is the highest coverage of altmetrics in between, and
the correlation to the citation is moderate (r = 0.49), whilst other altmetric data sources have
low metrics coverage to provide limited information. Thelwall et al. (2013) applied a sign test
with a score of success or failure to examine the relationship between 11 altmetrics and the
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Web of Science citation. They found a significant association between the higher metric score
and the higher citation in at least six altmetrics: Tweets, Facebook posts, Blog mentions,
Research highlights, media mentions and forum posts. Kraker et al. (2015) and Peters et

al.(2015) studied Figshare (http://figshare.com) more deeply. Several papers also addressed

the disciplinary difference in altmetrics and the varying extent of effectiveness of data (see,
e.g. De Filippo & Sanz-Casado, 2018; HTOO & Na, 2015; Ortega, 2018a; Peters et al., 2015,
2016).

Studies also explored if the Altmetric Attention Score (from Altmetric.com) correlates with
the citation count (Mukherjee et al., 2018; Mike Thelwall, 2018; Mike Thelwall & Nevill, 2018).
Altmetric.com provides the Altmetric Attention Score as a comprehensive indicator of the
impact that is received for research output (Elmore, 2018). The score is derived from a
weighted count of attention in various social media sources, including Twitter, Facebook,
News, Wikipedia, public policy documents, multi-media (i.e., YouTube), patents, and more.
Barbic et al. (2016) revealed a mild correlation between Altmetric Attention scores and
citations in Emergency Medicine and other biomedical journals with a scope of 200 most cited
papers. Chang et al. (2019) failed to find the correlation between the Altmetric Attention
Score of top-cited articles and the Journal Impact Factor. However, the weak association with
individual paper's citations has been proved in paediatric surgery journals. Gumpenberger et
al. (2016) criticised that the "all in one" indicator could have several issues in transparency,
weight of measurement among traced data sources, reliability and inconsistency of data
sources, completeness of data, and result stability. Therefore, using the Altmetric Attention
Score directly to reflect the impact is not appropriate. Araujo et al. (2018) explored associated
factors with high altmetric scores in clinical trials. They found four potential determinant
variables: the journal impact factor as journal characteristics, descriptive title, published years,
and normalised citation count as article characteristics. The research idea of the paper looks
contrary to the common research direction; however, their results could be useful when the

attention score is more important than citation one day.
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Bornmann and Haunschild (2018) empirically studied the altmetrics by principal component
analysis and factor analysis and found that Mendeley and F1000 Prime data can provide
academic impact evaluation. Their results also suggested that Facebook and Twitter could
provide a more comprehensive range of readers while reflecting a broader impact from a
separate dimension. Bornmann (2014) verified that the research paper recommended by
peer review experts in F1000 also has a higher citation count and pointed out that F1000, as
a qualitative indicator, may help altmetrics play a better role in evaluating scholarly impact.
Kolahi & Khazaei (2016) comprehensively selected 50 dental papers with top impact by using
peer review indicators in PubPeer, Publons and experts' scores in F1000, which indicated that
altmetrics could evaluate the influence of academic papers in a short time. Some scholars
found that social media metrics such as Tweets and Facebook post has lower or no correlation
to the citation, whilst the fact indicating the impact reflected by social media metrics are
different dimension (Barnes, 2015; Bornmann & Haunschild, 2015; Costas et al., 2015; Yu et

al., 2017).

Thelwall and Nevill (2018) found that Mendeley Reader is a reliable predictor for future
citation. For a specific journal, Advanced and Specialised Nursing, weak predictors could
include CiteULike, Blogs, News, Google+ and Tweets for future scholarly impact. Overall, it is
revealed that the alternative metrics could predict future citations, although the current
result is not good enough. However, it is possible to predict future citations better using both
altmetrics and the journal impact factor (Mike Thelwall & Nevill, 2018). Mohammadi et al.
(2016) conducted a user motivation survey for Mendeley users. They found that about 85%
of the respondents were adding articles in Mendeley Library for future citing, 50% for use in
scientific research activities, 25% for teaching, and 13% for education purposes. Although
scholars used different data samples and citation databases, the common result is that there
is a positive correlation between Mendeley readership and traditional citation indicators
(Didegah et al., 2018; Li et al., 2012; Mike Thelwall & Nevill, 2018; Mike Thelwall & Wilson,

2016). Therefore, Mendeley Readership could reflect the scholarly impact to a certain extent.
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Barnes (2015) criticised that several studies used Pearson's correlation coefficient in the
analysis, which needs to be corrected since altmetrics data demonstrate a skewed
distribution. Bornmann (2015) claimed that the value of altmetrics could not be
demonstrated by correlation to bibliometrics only, but more studies on content analysis to
interpret the behaviours behind are needed. Remarkably, he suggested that Tweets and blogs
are suitable for content analyses. Erdt et al. (2016) compared over 80 existing studies of
altmetrics and summarised the results of cross-metric validation by a meta-analysis. They
found that the common bibliometric sources used to compare with altmetrics are WoS,

Scopus, and Google Scholar Citations.

To summarise the above literature, the relationship between altmetrics and citations has
been fully studied. Many correlation analysis results showed that reference management
tools (e.g. Mendeley, CiteULike) and the post-publication peer-review forums (e.g. F1000,
PubPeer and Publons) are positively and significantly correlated with the citations. Other
alternative metrics were weakly or negatively correlated with citation, meaning the impact

they reflect might differ from that of citation.

3.6.2 Data quality validation

The importance of data quality, reliability and validity must always be emphasised in the
bibliometrics study, and so must the altmetrics (Zahedi & Costas, 2018). As recent research
gradually recognises the particular effectiveness of altmetrics in use of reflecting the research
impact (Bornmann & Haunschild, 2018b; Mike Thelwall, 2020; Mike Thelwall & Nevill, 2018),
the data quality of altmetrics would become the top priority. However, altmetrics must still
build trust and confidence in the scientific community before applying it practically (Carpenter
et al.,, 2016). National Information Standards Organisation (NISO) has started to propose
standards for altmetrics analytics, which shows that altmetrics are approaching mainstream

acceptance (Carpenter et al., 2016; Yang & Dawson, 2018).

According to Haustein (2016), the data quality issues in altmetrics are more challenging than

in bibliometrics because they are beyond the known errors and biases of citation data and
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face a range of dynamic data sources rather than static materials. The main issues of data
quality may include accuracy, consistency, and replicability of data at the level of data

providers, data aggregators, and end users (Haustein, 2016).

Torres-Salinas et al. (2013) believe that the traditional citation indicators have stable data
sources, while altmetrics rise from the complex web environment where too many
interferences to guarantee a long-term and continuous measurement. Mas-Bleda et al. (2014)
pointed out that altmetrics indicators rely on social media and social networks, and the
functions of these platforms might be highly uncertain. For example, they may disappear like
Yahoo one day. There is a lack of standardised and accurate validity tests for these indicators.
Sud and Thelwall (2014) suggested that different types of study and validation would be
needed to give enough evidence to support these new academic-related metrics in scientific
evaluation. With altmetrics-related research becoming a hot exploratory area, many scholars
have raised concerns about the quality of altmetric data and its sources. In the literature,
many papers have started to validate the coverage of altmetrics, data consistency between

altmetric data aggregators, quality of specific data sources, data normalisation, and so forth.

Altmetrics coverage

Some papers investigated the coverage of different altmetrics or data sources. For a given
data source, coverage represents the percentage of articles in the data source within the
studied data sample (Erdt et al., 2016). Mendeley is one of the most prevalent data sources
and has been identified with high coverage (Alhoori & Furuta, 2014; Haustein et al., 2014;
Zahedi et al., 2014). Then Twitter and Facebook contribute moderate coverage (Hammarfelt,
2014; Xia et al., 2016). The other data sources like CiteULike, Google+, F1000, Reddit, News,
Wikipedia, Blogs and so on showed a low coverage of below 10% (Alhoori & Furuta, 2014;
Meschede & Siebenlist, 2018; Repiso et al., 2019a). Studies have been carried out to gain a
more in-depth understanding of the coverage and characteristics of each altmetric source
among different aggregators. For example, Ortega (2020) intended to discover the differences
in the coverage of Blogs and News and found the biases which affect the impact of altmetrics

from three criteria: language, country and theme. He found that more than 90% of the blogs
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and news are present in English, more than 75% of blogs and news come from English-
speaking media, and more than 45% of the media outlets come from the United States. These
geographic and linguistic biases significantly underestimate the impact of alternative metrics

in publications from other languages or non-English speaking countries.

Some scholars have studied the coverage of Altmetrics in different disciplines and found that
altmetrics have noticeable disciplinary differences in coverage. Banshal et al. (2019) found
that medicine and biology subjects account for more than 50% of all altmetrics cases.
Regarding the altmetrics coverage, more than 60% of articles in Biology, Medicine and
Multidisciplinary Science have altmetrics. In contrast, the coverage rate for articles in
Engineering, Mathematics and Materials Science is less than 25%. Ortega (2018a) believed
that general discipline, which is more related to public interest, such as the Social Science
subject, of a paper attracted more attention from the media. He found that the usage rate of
social science articles is higher than that of physical science articles, and the citation and
bookmarking rates of general articles are higher than that of health science and social science
articles. Yu (2017) studied the count type and user category of altmetrics and found that
disciplinary difference exists for different user categories. Banshal et al. (2018) conducted a

study using ResearchGate data and found disciplinary variations in the presence of articles.

Altmetrics aggregators

Jobmann et al. (2014) evaluated the altmetrics coverage and metric counts of five disciplines
between four altmetrics aggregation platforms: ImpactStory, Altmetric.com, Plum Analytics
and Webometric Analyst. The study revealed that the coverage and metrics count of several
altmetrics vary across disciplines and different altmetrics data aggregators. Ortega (2018b)
studied three altmetrics tools (Plum Analytics, Altmetric.com, CrossRef Event Data) for the
same set of publications and found that altmetrics are varied. Their results suggested that
Altmetric.com has better altmetrics on Twitter, News, and blogs, PlumX has better altmetrics
on Mendeley, and CED has better altmetrics on Wikipedia. Zahedi et al. (2015) compared the
data consistency in three platforms (PLOS ALM, Altmetric.com and Mendeley) and explained

the reasons for differences across different platforms from the perspective of update time
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and tracking data methods. Zahedi and Costas (2018) carried out an extensive study for
Altmetric.com, CrossRef Event Data, Lagotto open source application and Plum Analytics to
understand the difference in tracking data and methodologies of aggregating among these
aggregators. It is found that PLOS and PlumX provide a high value of Mendeley readership,
and such a result is similar to studies in (Ortega, 2018) and (Zahedi et al., 2015). The social
media metrics also vary across four different major altmetric aggregators, according to Zahedi
and Costas (2018), and they concluded that the inconsistency of data among different
aggregators mainly comes from three factors: the differences in data collection approaches,
aggregation and reporting approaches, and updating approaches (Zahedi & Costas, 2018).
These results revealed that no single platform or aggregator could reliably reflect the
alternative impact. Ortega (2018b) suggested that when using altmetrics, one could select a
specific metric from the specific platform according to certain advantages (e.g. highest

coverage) or combine several platforms to analyse a series of altmetrics.

Obviously, the difference across the data providers of altmetrics challenges alternative
indicators' reliability. Data consistency is urgently needed for future applications. The current

situation is adhering to both altmetric providers and publishers (Zahedi et al., 2015).

Validation of altmetric indicator and data source

Verifying the validation of each altmetric indicator or data source is the principle for altmetrics
to play its value and role. Hammarfelt (2014) found that Mendeley and Twitter are the most
popular data sources in Altmetrics, while Mendeley occupies the first place regarding
coverage in different disciplines. Holmberg and Thelwall (2014) found that researchers share
links of research and tweet research papers more actively than average users during their
research process. Haustein et al. (2014) conducted a survey on the coverage of papers
published by metrology experts. They found that 82% of the authors used Mendeley to collect
literature, and 50% of the respondents had Twitter accounts. Currently, Mendeley and
Twitter are the two most studied indicators across the literature. In Section 3.5.3, we have
reviewed a few popular data sources used in the altmetrics, which include Mendeley, Twitter,

Blogs, and Wikipedia. Therefore, we will only review limited data sources here.
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Scholars are still actively exploring new data sources for altmetrics. For example, Holmberg
and Bowman (2019) evaluated the feasibility of using Google search results as an alternative
data source, and it is found that the Google search results lack open APl and exist the false
data problem, which is not good enough to be an alternative source of econometric data.
However, they believe that combining a variety of search engines to analyse the large-scale
data sets may improve the current analysing results. Yu et al. (2020) systematically evaluated
the accuracy of the data sources of policy documents on Altmetric.com. They carried out an
in-depth coding analysis, which contains 2079 policy documents extracted from 79 policy
document sources, and the results showed that more than 70% of records have errors in
transcriptions, links or false mentions. It reveals that the authority and credibility of policy
document altmetrics need to be questioned further. Erdt et al. (2016) pointed out that some
data sources have not been investigated much, for instance, Zotero, YouTube, SlideShare, and
Academia.edu. Additionally, a few platforms, which could be a potential data source or
aggregator for altmetrics, have not been well known, for example, AMiner* — a search and
mining service that extracts researchers' profiles from web sources and social networks (Erdt

et al.,, 2016).

Data normalisation

Data collected from Altmetrics systematically vary depending on the research papers'
different disciplines and publication time (Michael Thelwall, 2016; Mike Thelwall, 2017).
Ortega (2018a) has found that specialised disciplines are less referenced and mentioned than
general disciplines in social media. On Mendeley, it was found that disciplines like social
sciences and humanities publications had the most significant number of readers among all
disciplines compared to mathematics and computer science, which have the lowest number
of readers (Mohammadi & Thelwall, 2014). Shema et al. (2014) showed that biological and
medical disciplines had different numbers of posts on Blogs in 2009 (67%) and 2010 (74%).

Due to these findings, time- and field-normalising altmetrics data is necessary for systematic

¥ https://www.aminer.org/
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comparison, and it has been suggested to achieve this through benchmarking altmetrics (Liu

& Adie, 2013).

A percentile-based indicator for normalising is proposed by Bornmann and Haunschild (2016)
for Twitter counts of published papers in different years and disciplines. The comparisons of
units in different fields (such as researchers, institutions, and countries) can be achieved using
the Twitter percentile indicator. Based on the Mean Normalized Citation Score (MNCS) in
bibliometrics, Haunschild and Bornmann (2016) also proposed the Mean Normalized Reader
Score (MNRS). The MNRS can be used to compare the impact of a paper on Mendeley across
subject categories and publication years. For the studied journals, they found a high
correlation (r = 0.70) between MNRS and MNCS. Bornmann and Haunschild (2018a) further
proposed another field- and time-normalising indicator called Mantel-Haenszel quotient
(MHq) for altmetrics data (e.g. tweets and Facebook posts). This indicator compares the
proportions of papers shared on social media (e.g. Twitter or Facebook) with those of non-
mentioned papers (not shared on social media). It has been validated that MHq could
distinguish between different quality levels defined by peer assessments (Bornmann &

Haunschild, 2018a).

3.6.3 Applications of altmetrics

Use of Altmetrics for Impact Assessments

Since the emergence of altmetrics, the focus of concern in the scientific community is whether
altmetrics can measure research impact. The current empirical results (see Section 4.3.1)
show that the different altmetric indicators could reflect the different impact dimensions. For
example, Mendeley and F1000 could reflect certain academic impact, and social media
metrics could reflect public engagement and interest (Bornmann et al., 2019; Stacy et al.,
2016; Tahamtan & Bornmann, 2020; Xia et al., 2016). How to utilise altmetrics, its data, or
data sources to measure the impact of research output is still widely discussed. Nevertheless,
selecting appropriate indicators to match the evaluating goals is essential, and altmetrics
should be gathered, aggregated, and interpreted with care when in actual applications (Mike
Thelwall, 2021).
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Zhang et al. (2019) believe that emergent interdisciplinary study such as Artificial Intelligence
develops fast, the traditional metric could not reflect the impact of recent research quickly,
and more timely alternative metrics would be needed. They verified the general validity of
altmetrics in the Al field. It is found that altmetrics are a good indication for highly cited
publications and publications with the potential to be cited increasingly. In addition, the
results showed that altmetrics are more effective in high-level Al journal papers and Al
conference papers (Zhang et al., 2019). Their study supports the effectiveness of altmetrics
from a new perspective, and it has important implications for the research on the impact of
social media on the scientific community. Dardas et al. (2019) applied the altmetric attention
score to interpret the online attention of scientific papers published in nursing. The author
also suggested that we should be prepared for a changing measurement environment in
research quality and impact in the digital age. Oberst (2017) attempted to analyse the social
impact of 148 publications produced in ACSL (African Studies Centre in Leiden) using metrics
from Altmetric.com and believed that altmetric data showed a valuable mention of ASCL
research output that the institute failed to notice. However, results from altmetric.com could
not supply a reasonable societal impact for observed research output. More studies
attempted using altmetrics data to evaluate the famous research work in Neurosurgical
journals (Justin Wang et al., 2017), Radiology journals (Rosenkrantz et al., 2017), and

pharmacoepidemiology research (Gamble et al., 2020).

It is criticised that many studies did not explain well the meanings of altmetrics measures,
whether these indicators serve as a proxy for societal impact or some impact in early scientific
attention, educational utility, or popularity (Robinson-Garcia et al., 2018). Sugimoto et al.
(2017) addressed that social media is a newly opened channel for informal discussions among
researchers rather than “a bridge between the research community and society at large”.
Bornmann (2014) assumed that altmetrics might measure social engagement by capturing
discussions of scientific papers online. Tahamtan and Bornmann (2020) believed that social

media data represents the discussion of scholarly works, and those corresponding altmetric
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indicators may reflect the public interest, attention, and engagement rather than societal
impact or academic quality. Thelwall (2021) states that measuring the social impacts of
research is challenging for various reasons. Fundamental research may occasionally culminate
in applied research and practical applications, but the transversion of fundamental research
to impact can be protracted. Moreover, the realm of science is an intricate web of
interconnectedness, making it challenging to quantify the individual contribution of a single

research endeavour.

According to Robinson-Garcia et al. (2018), social media data can reflect the interactions
between inside and outside the scientific fields, enhancing our understanding of scholars'
community beyond the scientific dominion. They suggested that societal impact assessment
should develop a different methodological approach—based on interaction approaches.
Robinson-Garcia et al. (2018) proposed using Twitter data to analyse the network of
researchers to capture dissimilar degrees of public engagement. Their methodology brought
a mapping perspective between contexts and social impact. Pulido et al. (2018) proposed a
social impact coverage ratio (SICOR) to identify the percentage of tweets and Facebook posts
that revealed the potential social of specific research output by calculating the amount of
social media data. Their results showed that social media users are intermediaries to deliver

visible and assessing evidence of social impact.

Use of Altmetrics for new indicators

With the expectation of the application exploration, several studies have begun developing
other impact indexes with altmetric data. Fang and Costas (2018) proposed the Velocity Index
to compare the velocity of data sources in Altmetric.com across document types and subject
fields. They found that Twitter, Facebook, Reddit and News data sources accumulated fast in
the early days after publishing the content. At the same time, Policy documents, Wikipedia,
Q&A, and Peer review posts have low velocity values in their study. Most data sources'
velocity degree also changes by document types and subject fields. Fang and Costas (2020)
further prosed altmetric half-life and altmetric time delay to show that different altmetric
data sources have different data accumulation speeds. Hassan et al. (2018) proposed the Alt-
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index, which is analogous to the h-index (Hirsch, 2005) that identifies highly cited publications
with a more accurate indicator formed using Altmetric scores. The indicator has been defined
as "a scholar has an alt-index of a, if a of her/his Np papers have at least a social mentions,
and the other (Np-a) papers have no more than a mentions each”(Hassan et al., 2018, p.750).
Alhoori and Furuta (2014) defined a new metric, the Journal Social Impact (JSlI), to indicate
the online attention of the scholarly outputs. They found that the online attention of research
papers has a significant correlation with the rankings of journals and tends to the journals
with a long history of academic impact. Wang et al. (2014) proposed a sustainable, dynamic,

and composite paper evaluation system by integrating the period of action of various indexes.

Other applications of altmetrics

Regarding the attempts of impact measurement for different scholarly outputs, Torres-
Salinas et al.(2017) applied PlumX indicators to analyse the different dimensions of impact for
books. Wong and Vital (2017) attempted to use PlumX to indicate researchers' scholarship,
creativity and engagement in a university's faculty. Zhao and Wang (2019) used citation and
altmetrics indicators comprehensively compare the influence of international open-access
journals between China and the USA. There is more area that could utilise altmetric data and
indicators for research. For example, McGowan (2017) called for the research of using

altmetrics as a citation metric to measure the impact of an MIT/declarative title.

3.7 Knowledge gaps identified

To summarise the research state of altmetrics, the emphasis on altmetrics has shifted from
the conceptual study of definition and background to the empirical analysis of the
effectiveness of alternative metrics and is developing towards the direction of further
validation of data quality and exploration application. How to use altmetrics data and sources
to serve research evaluation and whether altmetrics could be used for a wider impact analysis
for scholarly output could be the next stage of the research focus. Through a systematic
review of altmetrics, including its concept (see Section 3.4), tools and data sources (see
Section 3.5) and the research states in recent years (see Section 3.6), we could draw the

following conclusions for the research of altmetrics.
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Firstly, the relationship between altmetrics and citation has been almost fully studied.
Numerous studies on correlation analysis showed a significant positive correlation between
Mendeley readers and citation counts. The post-publication peer-review forums (e.g. F1000,
PubPeer and Publons) are also positively correlated with the citations. Other alternative
metrics were weakly or negatively correlated with citation, meaning the impact they reflect
might differ from academic impact. It is suggested that Mendeley Reader and some social
media metrics (Tweet and Facebook posts) could be normalised by standard methodologies
from bibliometrics. Consequently, such altmetrics have great potential to be used in future
research evaluation. However, more fine-grained research on different types of alternative
metrics and disciplinary differences would be needed to consolidate and improve the current

conclusions.

Secondly, with the gradual recognition of the effectiveness of altmetrics for measuring impact,
applying altmetrics in the research evaluation would become a trend in the future. Then,
sufficient study on data quality, availability and reliability is the top priority before applying
these new metrics. Results from current studies are not enough. For example, some scholars
have raised concerns about the reliability of altmetric data sources and potential problems
for altmetric data aggregators (see Section 3.6.2). The accuracy, consistency, and replicability
of altmetrics are considered the main challenges to data quality due to the dynamic nature of
social media events (Haustein, 2016). A few studies have addressed the differences in data
count across different altmetric platforms, whereas the explanation of the discrepancy is not
enough. The technical affordances of underlying platforms potentially influence the altmetric
data (see Section 3.6.2), while the problem is how to select and use altmetric data in practice
still needs to be answered. More studies are needed to investigate the data quality issues in

the altmetrics.

Thirdly, altmetrics are diverse. Many data, sources and platforms await to be considered or

studied deeply (see Section 3.5). The forms of scholarly engagements that can be measured
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are diverse, for example, downloads, favourites, comments and recommendations. How to

use such data and data sources has the potential to be explored.

Fourthly, the development of altmetrics not only provides a series of new indicators for
scientific research evaluation but also brings a new perspective of data and data sources that
can be used in quantitative research evaluation. Altmetric data are traces of scholarly activity
in the process of generating research impact (Moed, 2016). The rational utilisation of

altmetric data may help us build a new quantitative evaluation method for research impact.

Fifthly, although some studies have discussed that altmetrics may not reveal the societal
impact as expected (see Section 3.6.3), social media metrics provide a unique opportunity to
observe the interactions and communications of research output between academicians and
non-academicians, which can be widened to network approaches showing relationships and
dependencies (Haunschild et al., 2019; Robinson-Garcia et al., 2018; Tahamtan & Bornmann,
2020). Using altmetrics data on network approaches would be another application of

altmetrics in future research.

Regarding the research gaps discussed above, we conducted an in-depth analysis of altmetric
data aggregators to detect the reason behind the data inconsistency and answer the question
of which altmetric data is robust and reliable that can be used in practice (see Chapter 4). Our
research results would supplement the existing literature for data quality validation. In
Chapters 5, 6, and 7, we utilised altmetric data as the evidence of behaviours and results that
participated in generating research impact to construct an evidence- chain-based quantitative
research evaluation method. This evaluation method would bring a fresh idea on utilising

altmetrics and multiple sources of data to evaluate the research impact.

3.8 Summary

This chapter begins with a review of traditional metrics for evaluating academic impact,
highlighting commonly used indicators and discussing their limitations. It then examines

widely utilized indices that measure journal impact. Following this, the chapter conducts a
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systematic review of altmetrics, covering key concepts and definitions, an overview of
altmetrics platforms and data sources, and an analysis of critical issues in altmetrics research.

Finally, the chapter identifies existing knowledge gaps in the field.
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Chapter 4 — Investigation of the altmetric data quality with Altmetric

and PlumX as examples

(The main content of this chapter has published in the BUSTECH 2022 conference proceedings: Gong,
T., Liu, W., & Wu, S. (2022). An Investigation of the Quality of Altmetric Data with Altmetric.com and
PlumX as Examples. The Twelfth International Conference on Business Intelligence and Technology, 1—

7. IARIA ISBN 978-1-61208-955-3.)
4.1 Introduction

Altmetrics has become a subject matter of widespread interest since its inception. From being
included in the hot topics of several eminent international academic conferences (Yu et al.,
2020) to the constant publishing of scholarly articles related to this field by various
information science journals, altmetrics has gradually emerged as a prevalent research field
for contemporary scientometrics and informatics (Qi et al., 2017). Modern-day scientific
researchers are accustomed to the mainstream trend of online academic exchanges. The
development of various user-oriented online social media platforms, such as blogs, Twitter,
and Facebook, has not only attracted ever more researchers to utilize online search tools for
literary works but has also given them increasing opportunities to exhibit their scientific
research results, share and comment on accessible academic articles, communicate, discuss,

and collaborate with others online.

When the term ‘altmetrics’ was first coined in Altmetrics: A Manifesto, Priem et al. (2010)
started to call for using social media network indexes to reflect the spread and influence of
scholarly output. They believe scholarly output’s impact can be determined by measuring
mentions, sharing events, downloads, and comments on online platforms. Compared with
traditional metrology based on citations, altmetrics features more prosperous indicators,
extensive data sources, diverse audiences, and is timely. There is still debate in the academic
community on whether altmetrics are appropriate as social (or broad) impact indicators to

evaluate scholarly output. Undoubtedly, the advent of altmetrics has not only led to
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innovative research ideas and data sources for the academic evaluation system but is also
expected to improve the single evaluation method relying on citations only and compensate

for the shortcomings of traditional metrological methods on time lag.

Data quality remains the core concern for the analysis and application of altmetrics. The
altmetrics platforms are crucial in providing reliable data and guaranteeing data quality. There
has been a series of altmetrics platforms in use, such as Altmetric.com (Altmetric), Plum
Analytics (PlumX), ImpactStory and more. As we reviewed in Section 3.5, each platform has
advantages, disadvantages, and limitations in terms of data coverage and data sources. With
the gradual advancement of the research associated with altmetric data, several authors have
expressed concerns about data quality, consistency, and reliability (Jin et al., 2019; Miles &
Price, 2023). Current studies for altmetric data and platforms appear relatively scattered, with
the applicability of the indexes still being a matter of debate and the presence of divergent
views about the data consistency and variation (as reviewed in Section 3.6). Therefore, this
study uses the data from Altmetric.com (hereinafter referred to as “Altmetric”), and
Plumanalytics.com (hereinafter referred to as “PlumX”), as examples to carry out empirical
research on their data coverage, consistency, and reliability and fill our research gap
mentioned in Section 3.7. The study aims to provide a better understanding of the associated

altmetric data and furnish valuable references for subsequent research.

4.2 Related studies

The term "altmetrics" was initially coined by Jason Priem in 2010. Subsequently, discussions
on significance, cross-metric validation, and potential application of altmetrics appear
constantly in the field of scientometrics (Dardas, et al., 2023; Erdt et al., 2016; Gonzélez-
Valiente et al., 2016; Patthi et al.,, 2017). Compared with traditional metrology based on
citations, altmetrics features timely reactions, prosperous indicators, extensive data sources,

open access and diverse audiences (Ezema, 2017; Weller, 2015).

The challenges of altmetrics are data quality, missing evidence, commercialisation, ease of
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manipulation, easy bias and more (Bornmann, 2014; Thelwall, 2020). Since altmetrics count
remarks in blogs, tweets and other online media that are non-publishing carriers, they provide
different dimensions of impact measurement that jump out of the journal level (Galligan et
al., 2013). Regarding the application exploration, scholars have engaged in developing
different impact indexes under altmetrics, such as Alt-Index (Hassan et al., 2018) and Velocity
Index (Fang and Costas, 2020). Studies attempted to identify the high influential research
work by altmetrics in various subjects, for example, Humanities and Social Sciences data
papers (McGillivray et al., 2022), Neurosurgical journals (Wang et al., 2017), Radiology
journals (Rosenkrantz et al., 2017), pharmacoepidemiology research (Gamble et al., 2020),

and interdisciplinary study like Artificial Intelligence (Zhang et al., 2019).

The importance of relying on reliable and robust data cannot be overemphasised at all times
in the bibliometrics study, so does altmetrics (Sud & Thelwall, 2014). The National Information
Standards Organisation (NISO) has started to propose standards for altmetrics analytics,
which shows that altmetrics are approaching mainstream acceptance (Carpenter et al., 2016;
Yang & Dawson, 2018). If altmetrics are used as a quantitative evaluation tool, the quality of
the altmetric data needs to be further studied. The concern about altmetric data coverage,
accuracy, consistency, replicability, and durability is arising with the gradual advancement of
the research (Haustein, 2016). Altmetric data are easier to obtain through open APIs, while
different collecting methods and times, as well as accessibility of particular papers, can lead
to inconsistency among data collectors. The altmetrics platforms are crucial in providing data

and guaranteeing the data quality.

Regarding the altmetrics platforms studies, Liu et al. (2016) researched the utilisation value
of altmetrics indexes based on the PLOS platform, revealing that altmetrics indexes express
variations in coverage, stability and timeliness. Zahedi et al. (2014) compared the data
consistency of three of the most popular altmetrics platforms, including PLOS ALM, Altmetric,
and Mendeley, which brought to the fore the evident differences between the three

platforms in terms of update time and data tracking methods. Jobmann et al. (2014)
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suggested the occurrence of considerable disparities in the measurement results obtained
when multiple altmetrics platforms quantify the same set of papers simultaneously. Ortega
(2018) analysed three altmetrics platforms - Altmetric, PlumX, and Crossref Event Data (CED),
and concluded that Altmetric presented a better count of Twitter, news, and blogs, while
PlumX offered a finer Mendeley count, and CED performed better with the Wikipedia count.
Jin et al. (2019) investigated and sorted out six altmetrics platforms (Altmetric, PLOS ALM,
Plum Analytics, Kudos, ImpactStory and Webometric Analyst) and raised two major issues:
one about the consistency of the data and the other about the reliability of the data. The
quick expansion and prevalence of research associated with this field have led to increasing
concerns by various scholars about the data quality of altmetrics, such as the lack of
consistency in data obtained from different data aggregating platforms, as well as the absence
of unified standards recommended for data sources and measurement methods. The index

systems provided by some of the mainstream altmetrics platforms also show dissimilarities.

In summary, contemporary comprehensive studies about altmetrics data and platforms
appear relatively scattered. The applicability of the indexes is still a matter of debate, and
divergent views about data consistency and variation exist. Therefore, this study aims to use
the most common altmetrics platforms, Altmetric and PlumX, to conduct empirical research
on their data quality and offer a reference for further understanding and utilising altmetric

data.

4.3 Altmetrics platforms

Several platforms offer multi-source altmetric data, including PLOS ALM, Altmetric, Plum
Analytics, ImpactStory, Crossref Event Data (CED) and Webometric Analyst. A brief

introduction of each platform is discussed below.

PLOS ALM?Y is the most primitive altmetrics platform offering Article-Level Metrics. It is

characterized by distinct, rich, and extensive data sources with clear indexes, but it only

15 http://almreports.plos.org/
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provides metrics for a limited number of PLOS journals. Altmetric'® was founded in 2011,
which aims to track the online activity of a single academic output in real-time and count the
number of mentions on various social media platforms. It determines the influence of
scholarly outputs by assigning weights to different indexes and applies the “Altmetric
Attention Score” to grade the level of influence. Altmetric provides accessibility to other
platforms through its Application Programming Interface (API). Clients of Altemtric.com
include publishers, institutions, researchers, and fund sponsors. Plum Analytics!’ was created
by Andrea Michalek and Michael Buschman in 2012. Its vision is to equip academia with more
contemporary scholarly output measurement indexes, which essentially use the internet and
multimedia in combination while utilizing and analysing the impact of scientific research
outputs, aiming to overcome the dependence of traditional evaluation systems on the
number of citations and journal impact factors. Plum Analytics was first acquired by EBSCO in
2014, followed by the Elsevier Group in 2017 and has since been embedded in Elsevier’s
document retrieval tool Scopus. PlumX Metrics, in principle, are a series of measurement
indexes offered by the altmetrics platform Plum Analytics that illustrate an inclusive online
interaction between people and scholarly outputs. This platform also provides special
altmetrics measurement services that assist in making payments to academic institutions.
ImpactStory*®, founded in 2011, seeks to help researchers determine and share the impact of
their research outputs. Nevertheless, an API key is currently required to download the data
from ImpactStory and is not accessible to non-paying users. Crossref Event Data (CED)?,
officially released in 2017, offers free data access via a public API. Unlike other platforms, it
does not process the collected data sources or provide any specific indicators but exhibits
altmetrics information linked to the DOI identifier. Webometric Analyst?, also known as the
explorer of LexiURL, utilizes URL references or title mentions to replace hyperlink searches on

the Internet and generate link impact reports. Although Webometric Analyst can track

16 https://www.altmetric.com/

7 https://plumanalytics.com/

18 https://profiles.impactstory.org/

19 https://www.crossref.org/services/event-data/

20 http://lexiurl.wlv.ac.uk/
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original data sources, such as Mendeley or Bing, and the altmetrics platforms like Altmetric,

it is still limited by the data sources collecting channels.

After carefully evaluating each platform's advantages, disadvantages, and characteristics, this
research focuses on a comparative study of Altmetric and PlumX, which are considered the
two most dynamic altmetrics platforms currently and appear to be more inclusive and
accessible than other platforms. Altmetric currently provides 16 altmetric data sources, and
PlumX currently provides 44 impact measurement indexes comprising more than 50 data

sources. More details of these two platforms are reviewed in Section 3.5.2.

4.4 Data collection

Data was collected from three platforms, Web of Science, Altmetric and PlumX, in March 2021.
To ensure the variety of papers to a certain extent and to explore the differences between
disciplines, we initially targeted four categories for data collection: (1) humanities, (2)
business management, (3) chemical engineering, and (4) medicine. According to the Journal
Citation Reports (published by Clarivate and accessed from the Web of Science), we started
to choose journals from the highest impact factor in the corresponding category and then
downloaded journal papers’ basic information, including DOIs, from the Web of Science. Each

category collected 3000 papers, so the total number of papers is 12,000 in this sample.

Through each paper's DOI, we acquired the corresponding altmetric data for all documents
via the APIs of Altmetric and PlumX, respectively. Regarding the missing data, as neither of
the platforms publishes any media data with a value of 0, we leave such data value blank
without replacing it with any assignment (such as 0), indicating such altmetric data is
temporarily unavailable or has not been tracked. It should be noted that some Mendeley data
on the two platforms displays 0 when the APl is exported, which signifies that the number of

readers is 0. We reserved 0 in the Mendeley data.

The initial data sample contains abundant altmetrics, and the data sources provided by
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Altmetric and PlumX are largely different. To examine the data quality in a targeted manner,
this study mainly focuses on the data sources that are mutually available on both platforms,

as shown in Table 4.1.

Table 4.1 Altmetric data and sources studied

Data Sources Interpretation

No. Data Altmetric PlumX
Altmetric curates a list of blogs PlumX curates a list of blogs
1 and collects links to relevant and collects the number of
Blogs . L
academic content through RSS blogs mentioning the
feeds. scholarly output.
The number of users of relevant The number of scholarly
scholarly outputs saved in outputs added to the
2 CiteULike CiteULike (not included in literature management tool-
Altmetric Score, only in Altmetric CiteULike.
Explorer).
Only tracks the posts on Counts the number of times
Facebook’s public pages and the links to scholarly outputs
3 Facebook prioritizes popular pages. have been shared,
commented, or liked on
Facebook.
The number of users who save The number of users who add
scholarly outputs to Mendeley scholarly outputs to
4 Mendeley Library is recordeq as the number | Mendeley Library.
of readers. Attention Score no
longer counted, only data
provided.
Altmetric curates a list of news PlumX curates a list of news
sources and the third-party sources and collects the
5 News . . .
providers and RSS feeds provide number of news mentioning
data directly. the scholarly outputs.
Twitter Count the public tweets, reposts The number of tweets and
6 (changed to | or quoted tweets of related retweets mentioning
X since July | scholarly outputs on Twitter, and scholarly outputs via Gnip.
2023) monitor suspicious activities.

Collects the mentions of scholarly | The number of references
7 Wikipedia outputs in Wikipedia references; cited in Wikipedia.
only for English Wikipedia.
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4.5 Coverage analysis

The coverage of altmetrics determines the range of its applications. Understanding the
coverage of the altmetrics platform helps researchers utilize the data in a targeted manner
and remains a prerequisite for constructing indicators and evaluation applications.
Accordingly, we will first examine the publication coverage on Altmetric and PlumX and then

compare the altmetric data coverage on both platforms.
4.5.1 Publication coverage

Altmetric provides an altmetric ID for each recording publication, and PlumX also endues
unique IDs for all covered documents. Therefore, these non-reduplicative IDs help us quickly

identify how these two platforms have covered the paper sample (N =12,000) we targeted.

It was initially found that 17 papers on PlumX were missing. After meticulously inspecting
these missing papers, we learned that certain documents had incorrect DOIs. Since the DOls
were derived from the WoS database, we tracked back to the WoS and found that 16 papers
had errors in DOI. Unexpectedly, we found notable mistakes in the data records on WoS. After
revising these DOls, 11,999 documents were found on PlumX, so the document coverage (for

this sample) was approximately 100%.

On the other hand, 8,091 papers in the sample were found on Altmetric, and the remaining
33% of the documents have no corresponding data. Is the publication coverage on Altmetric
lower? The answer may not be. We must be aware that Altmetric’s primary service generates
the “Altmetric Attention Score” for scholarly outputs. This score is determined by assigning
different weights to the number of times that academic papers have been mentioned on
online media. Therefore, each paper on the Altmetric possesses at least one altmetric data
and value of the Altmetric Attention Score. When valid altmetric data is not collected, the
platform displays no indexes or scores for corresponding documents. In this sampling, about
33% of the papers from Altmetric were missing. It indicated that such papers have no valid

altmetric data but could not determine whether Altmetric failed to cover these documents.
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A few previous studies (Yu et al., 2020; Zahedi et al., 2018) pointed out that PlumX’s coverage
is very high (>90%), while Altmetric’s coverage appears relatively low (39%—61%). However,

these studies failed to discuss the reason behind the coverage calculation.

Hereby, we provide a supplementary explanation to the similar results. PlumX provides
citation indexes that are sourced from many traditional citation databases, including CrossRef,
PubMed, Scopus, etc. PlumX’s approximately 100% paper coverage is due to these high-
coverage citation databases. Altmetric only focuses on social media indexes and does not
supply citation indexes or display articles without altmetric data. Therefore, the publication

coverage on Altmetric should be higher than it looks.
4.5.2 Altmetrics coverage

The coverage of each altmetric data source for the two platforms was computed, as shown in
Table 4.2. The data source with the highest number of valid readings on Altmetric is Mendeley,
which has 8,031 data readings, and the coverage ratio in this sample is 66.9% (8,031/12,000
= 66.9%), followed by Twitter, with a total of 7,691 valid data readings and coverage ratio of
this sampling is 64.1%. The coverage ratios of Blogs, CiteULike, Facebook, and News on
Altmetric are 13.6%, 4.8%, 26.1%, and 18.5%, respectively, while the coverage ratio of
Wikipedia is the lowest at about 2.7%. On PlumX, Mendeley has the highest number of valid
readings, with a coverage of 97.6% (11,713/12,000 = 97.6%) in this sampling statistic. Then is
Twitter, with a coverage of 54.7%. The coverage of Blogs, CiteULike, Facebook, and News on
PlumX are 8.3%, 4.2%, 13.2%, and 14.1%, respectively, while the coverage of Wikipedia is the
lowest at about 3.4%. Figure 4.1 compares each altmetric data source for the two platforms,
and we can see that Altmetric has higher coverage of social media data sources, such as Blogs,

Facebook, News, and Twitter; PlumX has higher coverage on Mendeley and Wikipedia.
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Table 4.2 Altmetrics Data Coverage Ratio and Overlapping Ratio on Altmetric and PlumX

Altmetric PlumX Altmetric - PlumX

# % # % Overlapping # ratioin A ratioin P
Blogs 1630 13.6% | 1000 8.3% 633 38.8% 63.3%
CiteULike 578 4.8% 500 4.2% 423 73.2% 84.6%
Facebook 3135 26.1% | 1587 13.2% 903 28.8% 56.9%
Mendeley 8031 66.9% | 11713 97.6% 7859 97.9% 67.1%
News 2214 18.5% | 1693 14.1% 1524 68.8% 90.0%
Twitter 7691 64.1% | 6564 54.7% 6471 84.1% 98.6%
Wikipedia 329 2.7% | 405 3.4% 300 91.2% 74.1%
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Figure 4.1 Altmetrics Coverage on Altmetric and PlumX

Furthermore, we counted the number of overlapping data (intersection) of each altmetric
data source for the two platforms. In the meantime, we calculated the proportion of the
overlapping data (intersection) in their respective data source of the two platforms. The
results are shown in Table 4.2. According to the proportion of overlapping data in each data
source, the cross-coverage status of each data source in the two platforms can be derived.
We must emphasize only the proportion of overlapping data discussed, not the data value, as
our focus is the cross-coverage status. According to the results, we illustrated the status of
the intersection of each altmetric data source in schematic diagrams and divided them into

three types:

1) Dominant coverage: means one platform has obvious coverage advantages. As shown
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in Figure 4.2, Twitter, News, Mendeley, and Wikipedia present obvious advantages of
data source coverage on a single platform. According to Table 4.2, both platforms have
6,471 overlapping readings from Twitter, accounting for about 98.6% of PlumX’s
Twitter coverage. This indicates that Altmetric covers 98.6% of the Twitter data on
PlumX, and Altmetric holds more Twitter data than PlumX. Therefore, Altmetric has a
dominant Twitter coverage compared to PlumX. Regarding the News data, the
platforms have 1,524 overlapping data readings, accounting for 90% of the News data
coverage on PlumX and 68.8% on Altmetric. This implies that more News data is found
on Altmetric, and 90% of PlumX’s News data source has been covered. Hence,
Altmetric has a dominant coverage of News data sources compared to PlumX. On the
other hand, PlumX appears to have data coverage advantages in Mendeley and
Wikipedia. The intersection data of Mendeley in the two platforms is 7,859, which
accounts for 97.9% of Altmetric coverage and 67.1% of PlumX. This means PlumX has
covered 97.9% of Mendeley data collected by Altmetric. Therefore, PlumX’s Mendeley
data coverage is more prominent than Altmetric. Similarly, PlumX’s Wikipedia data

coverage is the dominant coverage compared to Altmetric.

Different coverage: means each platform has unique data sources, and the cross-
coverage is limited. For Blog and Facebook, the intersection of the same altmetric data
source of the two platforms only accounts for a small proportion in any of the
platforms, as shown in Figure 4.3. The two platforms have 633 overlapping Blog data
readings, accounting for 38.8% and 63.3% of data coverage on Altmetric and PlumX,
respectively. Although Altmetric collects more data than PlumX, the latter possesses
different data coverage from Altmetric, meaning PlumX has its unique Blog data
source. A similar situation applies to Facebook data: the two platforms’ data source
coverage seems dissimilar, and certain overlaps and unique parts exist. This means the
two platforms' data sources only represent a limited crossover range and have

different data source coverage.
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3) Similar coverage: means all platforms have similar data source coverage. For instance,
the intersection of CiteULike data sources accounts for similar proportions in both
platforms, as shown in Figure 4.4. The two platforms have 423 overlapping data for
CiteULike, which accounts for 84.6% of PlumX's coverage and 73.2% of Altmetric's
coverage. Although Altmetric has more CiteULike data on values, the coverage of the

CiteULike data on both platforms tends to be similar.

Twitter News

J

Mendeley Wikipedia

Y

== Altmetric.com == PlumX

Figure 4.2 The schematic diagram for dominant coverage of the data source

Blogs Facebook

v,

== Altmetric.com == PlumX

Figure 4.3 The schematic diagram for different coverage of the data sources
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CiteULike

423

= Altmetric.com PlumX

Figure 4.4 The schematic diagram for similar coverage of the data sources

4.5.3 Disciplinary differences of coverage

Furthermore, we compared the altmetrics coverage between different disciplines on the two
platforms, and the results are formulated in Table 4.3. The coverage ratio is calculated by the

number of available data over 12000 papers.

From the perspective of disciplinary differences, all altmetric data in medicine have higher
coverage than in other disciplines, as shown in Table 4.3. Chemical engineering has more
altmetric data on Blogs, News, Facebook, and Twitter than the humanities and business
management disciplines, but it is lower than medicine. Interestingly, there is more discussion
of the chemical discipline in mainstream social media than in humanities and business
subjects. However, the chemical discipline retains the lowest coverage in CiteULike among
the four disciplines. The humanities discipline has a higher Wikipedia coverage than business
management and chemical engineering, but its News coverage is the lowest among the four

disciplines.

For business management disciplines, altmetrics coverage is lower than that of the other
disciplines and is lowest for the data sources of Twitter, Facebook, and Blogs. Business-related
studies seem not keen to be discussed on mainstream social media. Compared to other
disciplines, Wikipedia data in business management also stands at the lowest. This may be
attributable to the broader channels through which business papers spread social impact,
such as videos. The common perception is that business management disciplines are

relatively social and are expected to have more social media data readings. However, this
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study's statistical results provide a different answer. The disciplinary differences of altmetrics

ought to be further studied in the future.

Table 4.3 Altmetrics coverage between different disciplines

. Business Chemical .
Humanities . . Medicine
Management Engineering

Altmetric PlumX Altmetric PlumX Altmetric  PlumX Altmetric PlumX

Blogs 259 131 152 98 563 291 656 480
(8.63%) (4.37%) (5.07%) (3.27%) | (18.77%) (9.70%) | (21.87%) (16.00%)

CiteULike 67 69 187 187 48 37 276 207
(2.23%) (2.30%) (6.23%) (6.23%) (1.60%) (1.23%) (9.20%) (6.90%)

Facebook 453 441 186 236 791 75 1705 835
(15.10%) (14.70%) | (6.20%) (7.87%) | (26.37%) (2.50%) | (56.83%) (27.83%)

Mendeley 1977 2900 1239 2978 1991 2957 2824 2878
(65.90%) (96.67%) | (41.30%) (99.27%) | (66.37%) (98.57%) | (94.13%) (95.93%)

News 169 141 200 150 440 311 1405 1091
(5.63%)  (4.70%) | (6.67%) (5.00%) | (14.67%) (10.37%) | (46.83%) (36.37%)

Twitter 1895 1662 1105 958 1902 1827 2789 2117
(63.17%) (55.40%) | (36.83%) (31.93%) | (63.40%) (60.90%) | (92.97%) (70.57%)

Wikipedia 71 90 47 50 55 72 156 193
(2.37%)  (3.00%) | (1.57%) (1.67%) | (1.83%) (2.40%) | (5.20%) (6.43%)

Lastly, combining the disciplinary differences with the platform differences, both platforms
have the highest coverage of altmetrics on medical discipline, and the coverage of other data
sources of the other three disciplines varies between the two platforms, for example, the
Facebook data. Although Altmetric's Facebook data coverage is generally higher than PlumX's,
PlumX's Facebook coverage in business management is higher than Altmetric's. Besides, the
two platforms' Facebook data in chemical engineering disciplines differ greatly. This shows
that the Facebook data tracked by the two platforms have significant disciplinary differences.
For Mendeley data, the coverage of the two platforms in the medicine discipline field is not
very different; nonetheless, in the other three disciplines, PlumX's Mendeley data coverage is
significantly higher than Altmetric. The above findings highlight the differences in data

tracking between the two platforms across different disciplines.
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4.6 Correlation analysis

The internal relevance of altmetric data and the correlation of the two platforms’ cross-data
were investigated in the following sections. We first tested the normality of the data and
found that all the variables are not normally distributed. When a linear correlation exists
between the two continuous variables, Pearson’s product-moment correlation coefficient is
generally used. Otherwise, Spearman’s rank correlation coefficient can be employed to
measure the nonlinear dependence between two random variables (Myers & Lorch, 2013).
Spearman’s correlation coefficient, also known as Spearman’s rank, is a non-parametric
statistical method that utilizes the rank value of two variables for linear correlation analysis
and does not require the distribution of the original variables (Artusi et al., 2002). Since all
the variables are not normally distributed, the Spearman’s Rank test was appropriate for

correlation analysis in this section.

Correlation is an important index to quantify the consistency of changing trends among
different variables. To clarify, when the correlation coefficient is less than 0.1, indicating that
there is no correlation between the two variables; when the correlation coefficient is 0.1-0.4,
the variables are weakly correlated; when the correlation coefficient is 0.4-0.6, the variables
are moderately correlated; when the correlation coefficient is 0.6-0.8, the variables are
relatively strongly or strongly correlated; when the correlation coefficient is 0.8-1, the

variables are strongly or highly correlated.

We then conducted the intra-correlation coefficients of each data source for the two
platforms, respectively, and the results were presented in Tables 4.4 and 4.5. In Table 4.4, the
most relevant data sources on Altmetric are Facebook and Twitter (r=0.632). Evidently, the
impact reflected by these two data appears similar. Blogs, News, Facebook, and Twitter on
Altmetric are all moderately correlated. Noticeably, they are all social media data
sources. The moderate correlation between these four data sources may indicate that some
papers discussed on these media platforms overlap, such as hot articles. In other words,

different online media outlets all discussed hot articles, whilst the four media outlets'
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fundamental differences in user groups and communication methods have led to the

difference in impact reflected by each data type.

Table 4.4 Intra-correlation of data sources on Altmetric

Alt_Blogs Alt_Citeulike Alt_Facebook Alt_Mendeley Alt_News Alt_Twitter Alt_Wikipedia

ok ok ok ok ok

Alt_Blogs 1.000 133 542 406 539 498 239

Alt_Citeulike 1.000 244" 294 .073 .343" .166

Alt_Facebook 1.000 .380™ 520" 632" .199™
Alt_Mendeley 1.000 302" 368" .165™
Alt_News 1.000 4657 .210™
Alt_Twitter 1.000 156"
Alt_Wikipedia 1.000

**_ Correlation is significant at the 0.01 level (2-tailed).

Table 4.5 Intra-correlation of data sources on PlumX

Plu_Blogs Plu_Citeulike Plu_Facebook Plu_Mendeley Plu_News Plu_Tweet Plu_Wikipedia

Plu_Blogs 1.000 .038 454" 443" 584" 478" .109
Plu_Citeulike 1.000 242" .205™ .007 325" 207
Plu_Facebook 1.000 173" 455" 402" .104
Plu_Mendeley 1.000 .354™ 434" 1417
Plu_News 1.000 376" .098
Plu_Tweet 1.000 170"
Plu_Wikipedia 1.000

**_ Correlation is significant at the 0.01 level (2-tailed).

In the view of information independence, if the correlation between data sources is weak, it
may be easy to highlight the different dimensions of impact measured by the different data
sources. For instance, Wikipedia on Altmetric is weakly correlated with Blogs (r=0.239),
Facebook (r=0.199), Mendeley (r=0.165), News (r=0.210), and Tweets (r=0.156) at a
significant level of 0.01, indicating that Wikipedia presents a different dimension of impact
than other data sources. We can also see that most data sources have weak or moderate

correlations in between. The weak correlation between different data sources indicates that
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there is still a small correlation in the influence measured by different data. It shows that
there is always a small number of articles that have an impact on all platforms. In addition,
when an article is spreading on different social media networks, there should be a certain
extent of academic impact generated first (because scholars are the key stakeholders in
spreading scholarly papers at first), and then more public/social impact generated following.
Since different media have different public influences, these altmetric data sources are more

likely to present a certain correlation in between.

Table 4.5 presents the correlation coefficients of the data sources on PlumX. The four social
media data sources on PlumX are also moderately correlated, for instance, Facebook and
Twitter (r=0.402), Blogs and News (r=0.584). Mendeley shows a weak correlation with social
media data, and the correlation coefficient with Facebook appears to be the lowest (r=0.173).
CiteULike is not correlated with News but weakly correlated with other data sources.
Wikipedia has a weak or very weak correlation with all other data sources. The correlation
results of data sources on PlumX are similar to Altmetric, while the overall correlation

coefficients are slightly lower.

Internal correlation explained the similar or different dimensions of impact measured by the
different altmetric data sources. Both platforms illustrate varying degrees of internal

relevance.

Next, we explored the correlation of the same altmetric data source between Altmetric and
PlumX. The cross-correlation coefficients were summarized in Table 4.6. We found that
Mendeley in the two platforms has the highest coefficient (r=0.977), followed by Twitter
(r=0.840), Wikipedia (r=0.763), CiteULike (r=0.753), and News (r=0.710). These data sources
present a strong correlation. Blogs and Facebook only exhibited a moderate correlation.
Apparently, the data from the same data source on the two platforms differ. In Section 4.5.2,
we discussed the findings of coverage difference in Blogs and Facebook data sources and

demonstrated the intersection status in Figure 4.3. Therefore, the moderate cross-
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correlations in Blogs and Facebook data sources were unsurprising.

Table 4.6 Cross-correlation of data sources on Altmetric and PlumX

Blogs CiteULike Facebook Mendeley News Twitter Wikipedia

ok ok sk ok ok ok ok

Altmetric-PlumX  .576 753 413 977 .710 .840 .763

**_Correlation is significant at the 0.01 level (2-tailed).

The cross-correlation of the two platforms’ altmetrics demonstrated the differences between
the altmetric data sources on each platform. In the following sections, we will delve into the

differences between the data sources of the two platforms in more detail.

4.7 Data consistency and heterogeneity

This section implements a statistical method, the paired hypothesis test, to evaluate the data
difference between the two platforms. Statistical hypothesis testing is used to check whether
a difference exists between the two sets of experimental results and whether the difference
is significant (Blair et al., 1985). If there is a significant difference between the two paired
samples, the samples under comparison are assumed to be from different populations. Since
unavoidable differences between individuals always exist, such as experimental errors caused
by artificial factors or several uncontrollable aspects, it is essential to determine whether
these differences are merely random errors or caused by different treatment effects or
collection methods. For example, there might be some inconsistent data values when
comparing the same data source between two platforms. On the other hand, the difference
in data value between the two platforms may be caused by uncontrollable factors such as
manual input errors, collection errors, and delayed updates, all of which account for random

errors. In this case, we can still assume that the data of the two platforms is consistent.

Conversely, if the data of the two platforms appear significantly different, the data source of
the two platforms is assumed to be from two different populations. In other words, the data
inconsistency may be due to the difference in the data collection mechanism used by the

platforms. As a result, we cannot assume the data (and source) in the two Platforms are
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consistent. Before the hypothesis test, we tested whether the data followed the normal
distribution. The result showed that the difference between the two platforms fails to follow
the normal distribution. Therefore, we should employ a non-parametric test method, the
Wilcoxon signed rank test method, to conduct the significance test of difference (Swift and

Piff, 2014).

As for data processing, we matched each altmetric data source with the same article and only
retained the overlapping data of the two platforms. For example, if an article has Blog data
on Altmetric but not on PlumX, such Blog data was not included. Table 4.7 displays the basic
statistical information on the overlapping data in the seven altmetrics studied. The Wilcoxon
signed rank test was performed on the overlapping altmetric data sources of the two
platforms, and the test results are shown in Table 4.8, in which Z stands for the value of the

test statistic.

Table 4.7 Statistics of overlapping data of each data source

N Mean Std. Deviation Minimum Maximum

CiteULike - Altmetric 423 1.29 0.758 1 6
CiteULike - PlumX 423 1.28 0.719 1 6
Blogs - Altmetric 633 3.17 3.687 1 31
Blogs - PlumX 633 2.55 3.153 1 33
News - Altmetric 1524 15.93 28.443 1 276
News - PlumX 1524 8.11 21.142 1 311
Twitter - Altmetric 6471 34.39 172.117 1 8128
Twitter - PlumX 6471 29.01 163.116 1 9819
Facebook - Altmetric 903 7.02 17.245 1 324
Facebook - PlumX 903 328.99 2684.636 1 39422
Wiki - Altmetric 300 1.46 1.359 1 14
Wiki - PlumX 300 1.68 1.682 1 15
Mendeley - Altmetric 7859 70.71 110.001 0 2372
Mendeley - PlumX 7859 70.60 109.527 0 2382
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Table 4.8 Statistics of Wilcoxon Signed Ranks Test

CiteULike Blog News Twitter  Facebook Wikipedia Mendeley
Z -0.039° -7.158° -24.801° -5.803° -21.550° -5.575°  -11.313°
Asymp. Sig. (2-tailed) .969 .000 .000 .000 .000 .000 .000

a. Wilcoxon Signed Ranks Test

b. Based on positive ranks.

The following sections discuss the consistency and heterogeneity of each altmetric data
source corresponding to the two platforms in detail and analyse the reasons for the

heterogeneity.
(1) CiteULike

As shown in Table 4.7, the overlapping CiteULike data for the two platforms is 423 (n = 423).
The average data value of Altmetric is 1.29, and PlumX's is 1.28, showing a very minute
difference. The standard deviations of data of the two platforms are 0.758 and 0.719,
respectively, showing similar dispersions. The result of the Wilcoxon signed rank test (Table
4.8) for CiteULike is Z =-0.039, and the two-sided value of asymptotic significance is P = 0.969.
This suggests that we fail to reject the null hypothesis and conclude that there is no significant

difference between the CiteULike data on Altmetric and PlumX.

The CiteULike data of the two platforms being not significantly different indicates that the
data comes from the same population. Although minor differences could still be noticed in
the values of CiteULike on the two platforms, it may be an error caused by artificial reasons,
which could be considered a random error. Based on the current test results, the CiteULike
data on the two platforms appears consistent. Additionally, the cross-correlation result in the
previous section shows that there is also a strong correlation between CiteULike on the two
platforms (r=0.753). Hence, it does not affect the statistical results when using CiteULike data
from either platform under consideration. Therefore, when using CiteULike data for research

and analysis, the CiteULike data of the two platforms may be used at will.
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(2) Blogs

As shown in Table 4.7, there are a total of 633 papers that have overlapping Blog data on the
two platforms. The average Blog data value of Altmetricis 3.17, and PlumX's is 2.55, seemingly
less than the former. The standard deviations of data of the two platforms are 3.687 and
3.153, respectively, and the degree of dispersion shows a minor difference. According to
Table 4.8, the result of the signed rank test is Z=-7.158, and the two-sided value of asymptotic
significance is P = 0.000, which is lower than the significance level (a=0.05). Thus, the null
hypothesis should be rejected, and the conclusion is that there is a significant difference
between the two matching variables. Therefore, the differences are not random errors such
as manual input errors but induced by factors such as different data sources or ways of data

collection among the two platforms.

When analysing the reasons for the difference between the two platforms, it is initially
noticed from Table 4.1 that the Blog data tracked by the two platforms comes from their own
curated list. Since neither of the platforms discloses their Blog list information, the Blog lists
may differ. According to the websites of Altmetric.com, the counting method of Altmetric
Blogs is to search for articles' citations and references (especially links) across each blog
automatically based on their curated blog list. Moreover, Altmetric only searches for links
related to the research outputs through the information in the RSS feed, which indicates that
it can only search for the content in the blog text, excluding the mentions in the sidebar of
the Blog?'. PlumX also cites on its official website that counts the mentions of Blogs by tracking
all the links related to scholarly outputs in its own curated Blog list?>. Nevertheless, neither

platform has yet to publish its blog lists.

The data difference between the two platforms is believed to arise from different data
sources, while further explanation is incompetent. Ortega (2019) compared the Blog data of

Altmetric, PlumX, and Crossref Event Data and found that the overlap rate between these

21 https://help.altmetric.com/support/solutions/
22 hitps://www.elsevier.com/insights/metrics/plumx
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platforms was shallow. His study also fails to disclose detailed information regarding the blog
list for Altmetric and PlumX. Besides, Shema et al. (2014) examined the peer-reviewed Blog
posts discussing academic papers on Researchblogging.org, compared the WoS citations of
related papers, and found that “Blog citations” are significantly associated with journal
citations. There are few studies to discuss blog data so far and it is difficult to clarify the blog
list coverage status of Altmetric and PlumX with limited information and low transparency.
Therefore, the current Blog data quality is questionable and should only be used with
discretion. If it is unavoidable to use Blogs data, it is preferable to adopt the data of both

platforms simultaneously for complementation.
(3) News

The two platforms have 1,524 overlapping News data, as shown in Table 4.7. The average
News data value of Altmetric is 15.93, and that of PlumXis 8.11. The standard data deviations
of the two platforms are 28.443 and 21.142, respectively. The News data readings on the two
platforms are different. The Wilcoxon signed rank test result for News data is Z = -24.801, the
two-sided value of asymptotic significance is P = 0.000 < 0.05, the null hypothesis is rejected
accordingly, and the conclusion is two matching variables appear significantly different.
Therefore, the difference in News data between the two platforms is not a random error. That

is, the two platforms may possess different data sources or data collection methods.

When tracking the reasons behind the heterogeneity, it is noticeable that the two platforms
use their edited News lists (see Table 4.1), which may lead to varied third-party data sources.
We found that Altmetric has exposed its primary third-party news sources and tracking
methods on its websites, including identifying links to academic papers in news reports and
tracking information in the news content. It is conducive to enhancing the transparency and
reliability of the News data. PlumX has yet to publish a specific list of its news sources on its
website, instead, it disclosed its third party news data provider, Newsflo, which covering more
than 55,000 diverse news sources (Allen, 2017). On the other side, Altmetric announced that
the platform has been cooperating with the news service provider Moreover Technologies

since 2015, and has expanded its track list from approximately 1,300 news media to more
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than 80,000 news media. However, Ortega (2020) pointed out that Lexis-Nexis later acquired
Moreover Technologies, and the cooperation with Altmetric ended, leaving 19% of the links
invalid, so Altmetric only manages 2,900 news media. Altmetric's official website updated the
information about News data sources on 17 Sep 2020 and stated that it still tracked more
than 5,000 global mainstream news media portals (Solutions, 2023). As the two platforms
possess diverse data sources with evident differences, direct comparison is not
recommended. In this experimental study, Altmetric's news data is higher than PlumX's in
terms of total coverage, coverage of disciplines, and data values, and Altmetric's news sources
are more appreciably transparent than PlumX's. Therefore, our results revealed that

Altmetric's news data is deemed more reliable.
(4) Twitter

The total overlapping Twitter data of the two platforms is 6,471. The average data value of
Altmetric is 34.39, and that of PlumX is 29.01, seemingly less than the former. The Wilcoxon
signed rank test results show that the null hypothesis is rejected, and there is a significant
difference in the Twitter data of the two platforms. Therefore, the difference in Twitter
between the two platforms cannot be considered a random error but may have different

methods for collecting or processing data.

The first reason for the difference in Twitter data could be attributed to the two platforms'
different measurement standards for the data. As the statistical methods of the two platforms
in Table 4.1, the Twitter count of Altmetric = the number of tweets + the number of retweets
+ the number of quoted tweets, while the Twitter count of PlumX = the number of tweets +
the number of retweets. Therefore, statistically, Altmetric additionally includes quotation
tweets. Indeed, the average Twitter data value of Altmetric is much higher than PlumX's. The
second reason is that the two platforms have different collection resources for Twitter data.
Altmetric's Twitter data comes from a third party, which is not disclosed on the official
website. While PlumX’s data comes from data provider GNIP, the tweet data provided by
GNIP does not contain quoted tweets (Michalek, 2016). Evidently, the Twitter data source of

Altmetric is different from that of GNIP. Therefore, we suggest that both platforms' Twitter
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data come from different third parties. Furthermore, the different measurement standards
of the third-party data sources may also have different counting methods. Hence, we assume
that the difference in the Twitter data of the two platforms is essentially due to the two
different third-party data sources, and the measurement standards of the data sources for

Twitter counting may differ.
(5) Facebook

For Facebook data, the overlapping data in the sample is 903, and the average data value of
PlumX is 328.99, much larger than Altmetric’s 7.02. The standard data deviation on the two
platforms also appears quite different. According to the Wilcoxon signed rank test results in
Table 4.8, Z =-21.550, P = 0.000 <0.05, the null hypothesis is rejected, so the Facebook data
from the two platforms is significantly different. Therefore, Facebook data from the two

platforms may have different data sources or utilise different data collection methods.

The first reason for the difference in Facebook data could be the fact that the two platforms
possess different definitions of Facebook data measurement. According to the official
websites of the two platforms, Altmetric only counts Facebook's public posts mentioning links
to research outputs and prioritises statistics of popular pages, excluding individual posts on
the timeline and the number of likes. PlumX counts the total number of shares, likes, and
comments on the research link on Facebook. Furthermore, PlumX's early counting for
Facebook data was to incorporate the shares and likes of links related to the scholarly outputs
in public pages into social media data and links in comments connected into the category of
mention data. However, since August 2016, PlumX added the number of comments on the
personal page and integrated all of them into one Facebook data count. This integrated data
only records the number of comments and does not disclose the content of the comments,
so it enhances the measurement of the attention score of an academic link to the greatest
extent and also enhances the visibility of impact measurement as well as complying with the
privacy regulations (Allen, 2016). Therefore, the average Facebook data value of PlumX is
much larger than that of Altmetric in the overlapping data. In association with the results in

previous sections, we can note that the two platforms demonstrate different data source
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coverage.
(6) Wikipedia

There are 300 overlapping Wikipedia data readings for the same article on the two platforms.
The average Wikipedia data value of Altmetric is 1.46, and that of PlumX is 1.68, appearing
only minutely different. The standard data deviations of the two platforms are 1.359 and
1.682, respectively. The Wilcoxon signed rank test result is Z=-5.575, P = 0.000 <0.05, so the
null hypothesis is rejected, and the conclusion remains that the two matching variables are

significantly different.

Since the Wikipedia data from the two platforms are significantly different, we first check the
measurement method of the two platforms. As shown in Table 4.1, Altmetric only counts the
references to a particular scholarly output in the reference section of English Wikipedia, while
PlumX counts all scholarly outputs cited as references in Wikipedia, that is, the latter
possesses a broader measurement range. According to Ortega (2018), the differences in
Wikipedia data between different platforms are systemic errors caused by coverage issues.
The survey by Zahedi and Costas (2018) revealed that Altmetric obtains its data via Wikipedia
API. PlumX obtains its data by combining different search engine results, including Wikipedia
full-text search and literature citation searches. Therefore, the Wikipedia data value of PlumX
is more than that of Altmetric. As data reveals in this study, the average Wikipedia data value

of PlumX indeed appears slightly higher than that of Altmetric.
(7) Mendeley Reader Count

The overlapping Mendeley data is 7,859 for the same article among the two platforms. The
average Mendeley data value of Altmetric is 70.71, and that of PlumXis 70.60. The standard
data deviations of the two platforms are 110.001 and 109.527, respectively. From the view of
descriptive statistics, there is not much difference between the two platforms. The Wilcoxon
signed rank test result is Z = -11.313, P<0.05, so the null hypothesis is rejected, and the

conclusion remains that the two matching variables are significantly different.
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There is no evident difference in the description of the measurement method between the
two platforms in Table 4.1, and both platforms obtain the data directly from the Mendeley
API. However, the question remains as to why there is a difference. Ortega (2018) assumed
that when PlumX counts the number of Mendeley readers, it may duplicate records of
documents of similar titles, years, and authors, while Altmetric counts the number of readers
based on a unique identifier and eliminates duplicate entries. Besides, Zahedi et al. (2018)
compared the data of the journal PLOS One on different altmetrics platforms and found that
97.9% of the Mendeley counts recorded by Altmetric were the same as Mendeley.com, while
PlumX had only 30% of the exact count. In other words, the two platforms may perform

differently when processing Mendeley data.

In order to find out whether the Mendeley data of Altmetric is more accurate than PlumX, we
further collected data from Mendeley.com (hereinafter referred to as “Mendeley”). The same
data sample (N=12000) from Mendeley is downloaded, and we also re-downloaded the data
of Mendeley readers on Altmetric and PlumX to unify the time point. In this data cleaning, the
Mendeley data excluded the 0 value as-signed data, and only the non-zero data was retained.
After ensuring the data acquisition time of the three platforms is consistent, the numbers of
Mendeley readers of the three platforms (Mendeley, Altmetric, and PlumX) were compared

once more.

The statistics of the overlapping data of Mendeley are shown in Table 4.9. Then, the
correlation between the three data sets was tested using the non-parametric test method of
Spearman’s Rank, and coefficients are drawn in Table 4.10. The correlation result shows that
Mendeley readers on the three platforms have a strong association. Finally, the three sets of
Mendeley reader data were tested for significant differences in pairs, and the result in Table
4.11 shows there are significant differences between the three sets of overlapping data.
Consequently, no statistical proof clarifies that the number of Mendeley readers of Altmetric

or PlumX is consistent with Mendeley itself.
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Table 4.9 Statistics of overlapping Mendeley data

N Mean Std. Deviation Min Max
Altmetric 6114  81.58 122.192 1 2874
Mendeley 6114  76.82 114.250 1 2868
PlumX 11213 66.69 108.006 1 2765
Mendeley 11213 66.86 111.138 1 2965

Table 4.10 Non-parametric correlation coefficients

Mendeley Altmetric PlumX
Mendeley 1.000 952" .950"
Altmetric 1.000 968"
PlumX 1.000

**_ Correlation is significant at the 0.01 level (2-tailed).

Table 4.11 Test Statistics®

PlumX - Altmetric  Altmetric - Mendeley PlumX - Mendeley

Z -51.635° -49.980°¢ -33.832°
Asymp. Sig. (2-tailed) .000 .000 .000

a. Wilcoxon Signed Rank Test
b. Based on positive ranks.

c. Based on negative ranks.

In our sampling, Altmetric only has 6,114 (51%) reader data that overlap with Mendeley, while
PlumX has 11,213 (93.4%) overlapping data. Obviously, PlumX possesses more
comprehensive reader data than Altmetric. Furthermore, according to the information on
Altmetric’s official website, Mendeley data is no longer included in the “Altmetric Score”.
Therefore, Altmetric has reduced its interest in the Mendeley data. The above facts may
explain the presence of missing data on Altmetric even when using the same Mendeley API.
We should emphasise that the Mendeley reader counts in Altmetric and PlumX are both from
the Mendeley platform, and the number of Mendeley readers of the three platforms is also
strongly correlated (r>0.95), so the origins of data sources are the same. Then, when

comparing Altmetric and PlumX, it is considered that the latter acts better. However, since
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the number of readers on PlumX and Mendeley could not prove any statistical difference,

collecting data from the Mendeley platform is preferable in practical application.

In addition, we found that although the reader count in Mendeley does not follow the normal
distribution, an approximately normal distribution can be obtained after logarithmic
transformation. Table 4.12 shows the statistical information of Mendeley readers after
logarithmic conversion on Mendeley data. As seen in Table 4.12, the coefficients of Skewness
and Kurtosis are both as small as less than 0.5. The skewness coefficient is -0.324, implying
that the variable distribution is left-skewed, that is, the data on the left side of the mean is
more than the right side. The kurtosis coefficient is only 0.325, meaning that the distribution
is relatively flat. Figure 4.5 illustrates the histogram of the variable frequency, and Figure 4.6
is the Q-Q plot to demonstrate the comparison between the log-transformed distribution and
the normal distribution of the Mendeley reader data. The above findings provide an
understanding of Mendeley data and reference the subsequent use of such data in statistical

analyses.

Table 4.12 Descriptive statistics of natural logarithm of Mendeley reader data

N Min Max Mean S.D Skewness Kurtosis

Statistic  Statistic  Statistic  Statistic Statistic Statistic Std. Error Statistic Std. Error

Log_MenReader 11730 .00 7.99 3.5336 1.25487 -.324 .023 325 .045

100



Chapter 4. Investigation of the altmetric data quality with Altmetric and PlumX as examples

Histogram
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Log_MenReader

Figure 4.5 Histogram of Natural Logarithm of Mendeley Reader data
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Figure 4.6 Q-Q Plot of Natural Logarithm of Mendeley Reader Data

4.8 Recommendation on the use of altmetrics

Based on the analysis results in Section 4.5 to 4.7, we propose the following suggestions for

using the altmetric data of the two platforms.
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Twitter and News data on Altmetric are significantly better than PlumX in terms of
data coverage, data source coverage, and the transparency of data sources' origins.
Therefore, using Twitter and News data from the Altmetric platform is recommended.
As for the Wikipedia data, the data coverage and data source coverage of PlumX are
far better than those on Altmetric. Hence, it is advised to use PlumX's Wikipedia data.
In terms of Mendeley data for the two platforms, PlumX is appreciably better than
Altmetric, and the Mendeley data for PlumX is recommended. However, the
Mendeley data on the two platforms appear statistically significantly different from
the Mendeley platform. Therefore, when conditions permit, we recommend directly
collecting and employing Mendeley data from its own platform.

There is no substantial difference being noted between the CiteULike data of the two
platforms in this statistical test, and the correlation seems firm, so either Platform's
CiteULike data can be used.

The two platforms' Blog data sources have a limited crossover range. In addition, both
platforms possess unique data sources. Therefore, the Blog data of the two platforms
can be combined to complement each other.

The two platforms' Facebook data sources also maintain a limited crossover range,
and each one has its own characteristics. However, the two platforms demonstrate
very different definitions of Facebook counts. For example, Altmetric only counts the
links mentioning scholarly outputs in public posts, while PlumX counts the total shares
+ likes + comments of links mentioning scholarly outputs. Therefore, it is not
convenient and accurate to merge the data of the two platforms, and they can only

be selected with discretion.

4.9 Summary

This chapter comprehensively compares and analyses the data quality of two significant

altmetrics platforms, Altmetric and PlumX. The study involved a detailed analysis of altmetric

data coverage, disciplinary differences, data consistency, and the reliability of the data

sources, providing a thorough understanding of the altmetric data sources and platforms. The
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findings in this chapter are summarized below.

Firstly, regarding the altmetric data coverage on the two platforms, the coverage of Almetric
on social media data, including Twitter, Facebook, Blogs, and News, appears higher than that
of PlumX. The data coverage of CiteULike on Almetric also appears slightly higher than on
PlumX, while PlumX shows a higher Mendeley and Wikipedia data coverage than Altmetric.

By evaluating the proportions of the overlapping data on the two platforms, we found:

e Dominant coverage: The data source coverage of one platform appears superior to
that of the other platform, such as Altmetric's Twitter, PlumX's Wikipedia.

e Different coverage: The data coverage of the two platforms limitedly overlaps, but
each platform has its own unique data source, such as both platform’s Blogs.

e Similar coverage: The data coverage of the two platforms remains similar, such as both

platform’s CiteULike.

Then, the study compared the coverage of altmetrics across the four disciplines including
Humanities, Business Management, Chemical Engineering and Medicine, from the
perspective of disciplinary differences. We can see that the coverage of altmetrics data for
the medical discipline is the highest. Chemical Engineering and Humanities showed similar
coverage in some altmetrics data sources, such as Mendeley and Twitter. However, Chemical
Engineering holds better Blogs, Facebook, and News coverage than Humanities and Business
Management. Chemical Engineering benefits from more discussions on the mainstream social
media than Business Management and Humanities. The coverage of the humanities discipline
in Wikipedia, though, is better than that of Chemical and Business Management but is the
lowest in the News. Compared to the other disciplines, altmetrics coverage of Business
Management appears relatively low, especially the lowest among the three social media data
sources: Twitter, Facebook, and Blogs. It is assumed that business-related papers attract less
attention on mainstream social media. The difference between various disciplines may

require more in-depth research and evaluation.
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In the correlation analysis, we discussed the internal relevance of altmetric data on each
platform and the correlation of the same altmetric data on both platforms. In the discussion
of internal relevance, it is suggested that multiple data sources are moderately or weakly
correlated, which indicates that a small number of articles, such as trending articles, are
widely discussed on different social media platforms. However, the differences in audiences
and communication methods generate differences in the impact reflected by varied social
media data. Besides, when an academic article is diffused through different social media
networks, it may generate a certain extent of academic impact first since scholars are the
pioneers in posting and spreading the article at the beginning, and then some public impact
may be generated later. Since different media have different levels of public influence,

consequently, a certain correlation between various social media platforms exits.

The correlation analysis between the same altmetric data on different platforms has found
that the data of Mendeley, Twitter, News, Wikipedia, and CiteULike for the two platforms
displayed a strong association. Notably, the Mendeley data of the two platforms appeared
extremely correlated (r= 0.97). Nevertheless, the correlation coefficients between Blogs and
Facebook on the two platforms were 0.576 and 0.413, respectively, showing a moderate
correlation. This is attributed to the apparent differences in the data collection of the two
platforms. Besides, the coverage analysis also found the two data sources have an inevitable
difference in the data coverage, as illustrated in Figure 4.3, affecting the correlation

coefficient of the two data sources.

Moreover, to discuss whether the overlapping data of the two platforms appear consistent,
we employed the non-parametric Wilcoxon Signed Rank test to compare if any significant
differences exist between the data of the two platforms. The results signify no significant
difference between the CiteULike data of the two platforms, while all the other altmetric data
show significant differences between the two platforms. It indicates that the CiteULike data
of the two platforms belongs to the same population, and the difference of a small amount

of data value is caused by random errors. The differences between other altmetric data
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sources could be due to factors including different ways of data counting (definitions), data
processing, and different coverage of data sources. Section 4.7 showed the detailed analysis
of reasons for heterogeneity between the two platforms. When studying the data of
Mendeley readers, we further collected the data from Mendeley.com and compared three
platforms. Data consistency has yet to be found. However, we found that Mendeley reader
data follows a lognormal distribution, providing a reference for using such data in subsequent

statistical analyses.

Finally, based on the results of the analysis, we proposed recommendations on how to use
altmetric data sources among the Altmetric and PlumX. We should also address that the
current results and analysis are limited to the specific situation of this paper's data sample,

so further research on different samples may be needed in future.
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Chapter 5 - An evidence-chain-based approach to evaluating scholarly

impact

(Part of the content of this chapter has been published in Lin, D., Gong, T., Liu, W. et al. (2020). An
entropy-based measure for the evolution of h index research. Scientometrics, 125, 2283-2298.
https://doi.org/10.1007/511192-020-03712-1)

5.1 Introduction

The evaluation of scholarly research impact is a hotspot and a challenging issue in the
management of science and technology (see Section 2.3). Apart from the qualitative
evaluation method in the form of peer reviews, the citation-based scientometrics evaluation
methods prevail in the research evaluation (see Section 3.1). However, citation-based
evaluation methods suffer from the limitations of indicators. The declined quality of citation
data is another issue caused by complicated citing motivations (see Section 1.1). Exploring

new methods has been called for in academia (Bornmann & Haunschild 2016).

In the big data era, owing to the rapid circulation and dissemination of information, altmetrics,
which is based on social network data (under multi-source data), has risen gradually and
aroused much concern in Scientometrics (see Section 3.4 & 3.6). The availability of altmetric
data has increased the possibility of using multi-source data in the research evaluation and
inspired us to carry out quantitative evaluation approaches with a wider range of data sources.
We have studied the altmetric data quality and data source provider in-depth in Chapter 4,
which aimed to guide us to apply altmetric data properly in later research. This chapter will
discuss an evidence-chain-based quantitative aggregation method for scholarly research
impact by using impact disseminating evidence chains with internal logic and supporting data.
Both citation and altmetric data will be used. This proposed methodology increases the
reliability of the quantitative evaluation output and could better serve science and technology

management.

106



Chapter 5. An evidence-chain-based approach to evaluating scholarly impact

5.2 Research background

With regard to quantitative methods and tools for academic impact evaluation, theories and
empirical studies using bibliometric indicators (citation-based) have been studied in most of
the literature (see Section 3.2). In respect of academic impact evaluation specific to a research
unit (generally a researcher, a research team, a research department, a research institute or
a periodical, etc.), quantitative evaluation indicators have evolved from being simple to
complex, and from being single to compound (Booysen, 2002). Traditional citation indicators
typically include total cites, highly cited papers, cites per paper and proportion of highly cited
papers, which mainly evaluate the academic impact of a research unit within a certain period
of time and are the most basic and simplest quantitative evaluation indicators. The h-index
proposed in 2005 by Hirsch, a professor of physics from the University of California, which
takes into account both quantitative and qualitative evaluation, has triggered a new upsurge
of research on citation indicators in academia and then promoted wider application of the h-

index and research on its derivative indexes (see Section 3.2).

Beyond the enthusiasm for studies on citation-related evaluation indicators and methods, the
quality of citation data has gradually grabbed the attention of academia. From the perspective
of the cause, factors that influence the quality of citation data include non-normative citation
conducting and data quality issues resulting from complicated citing motives of citing authors
(Bornmann & Daniel, 2008). Brooks (1985) enumerated 26 types of citer motivations and
identified the complexity of citer’s behaviours, including citing for persuasiveness, positive
credit, social consensus, personal bias, citations for flattery, biased citations for logrolling,
improper citations to support the interests of a certain academic research group, citations
catering to editors, superfluous citations, etc. Liu et al. (2018) studied 337 duplicate
publications in 198,518 bibliographic references to documents published from 2001 to 2010
under “Library and Information Science and Digital Libraries” in the CNKI database and
analysed the citing motives of researchers in the field of LIS in China. Their results showed
that when two papers are of similar quality, the one published in a core journal will be cited

more. It reveals that when the quality of papers is effectively controlled, the citing
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motivations of researchers clearly shift to respect for authority. Furthermore, Reedijk and
Moed (2008) have summarised several practical manipulating methods for journal impact
factors, including tactical edition, excessive self-citations, paid citations, citation stacking and

so forth.

It is clear that when stimulated by complicated citing motives, especially improper ones,
guantitative evaluation of academic impact with citation data alone will probably go against
the research evaluation principle of being fair and equitable, scientific and rational, and may
have significant negative effects on the growth of researchers and research management. We
need to emphasise that such an issue is shared by most of the result-data-only approaches.
Because all desirable results (like citations) can be produced by improper actions/processes
such as cheating. Thus, to increase the reliability of evaluation, it is essential to evaluate not
only the result but also the generating process. For example, for a regular highly cited
publication, there should be a series of evidence on high abstract/views, downloads,
commentaries or discussions. When such evidential data are small, we may doubt the
reliability of citation counts. Consequently, if we can build an evidence based process chain

model for the academic impact, we should be able to produce more reliable evaluation results.

Moreover, previous literature and research results (in Chapter 3) showed certain consistency
between the citation-based indicators and altmetric data based altmetrics in evaluating
academic impact. Part of altmetrics presented a weak positive correlation with citation
indicators. This provides an inspiration that these two types of data can complement each

other in academic impact evaluation.

Given the above background, we aim to develop an evidence-chain-based aggregation
approach that considers both the result of the impact and its generating process. In our
evaluation approach, we will apply citation and altmetric data as behaviour evidence and

form evidence chains with an internal logical relationship.
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5.3 Evidence-chain-based quantitative evaluation method

5.3.1 Evidence chain and cause-effect chain

First of all, we shall discuss what the evidence chain and the cause-effect chain are. From the
perspective of judicial criminal investigation, an evidence chain refers to a group of evidence
consisting of more than two nodes that are objectively connected and mutually corroborated
with respect to the contents, and reflecting or enhancing the probative force of scattered
evidence (Chen, 2007). In a broad sense, the evidence that constitutes the evidence chain
refers to the elements used to support a conclusion, while in a narrow sense, they refer to
elements recognized in criminal, civil and administrative procedures in laws (Bex, 2011).
According to Chen (2007), the evidence nodes and connectors are basic components in an
evidence chain, and the nodes may be composed of either a single evidence or an evidence
cluster pointing to the same object: different evidence nodes are linked in a chain by
connectors. The connectors of the judicial evidence chain are generally explicit (such as
forensic authentication and weapons), while connectors for nodes of the evidence chain in
general reasoning processes may also be implicit such as the formal logic, social laws and
subject knowledge. At present, relevant studies on the evidence chain exist mostly in the field
of jurisdictive criminal investigation, and the concept of the evidence chain is occasionally
mentioned in clinical research (Cook et al., 1997; Mulrow et al., 1997; Jiabo Wang et al., 2015).
Using evidence or a chain of evidence approaches in the evaluation of research impact is very

rare.

This thesis argues that the causal relationship (Mingers & Standing, 2017), which is a
relationship between a specific process earlier in a time series (cause) and a specific process
or status later in another time series (effect), is the base to construct an evidence chain.
According to the Theory of Critical Realism proposed by Roy Bhaskar (Bhaskar, 1997), the
causal relationship exists in three domains from the shallower level to the deeper level. First
is the empirical domain, which contains sensory experience. Second is the actual domain,

which contains perceivable events and things. Third is the real domain, which contains
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determinate structures and mechanisms that humans cannot directly perceive through

experience.

This thesis uses the causality view of critical realism to understand causality from multiple
perspectives. That is, the true relationship between the cause and the effect exists only in the
real domain and cannot be directly perceived through human experience. Specific causes and
effects can be connected in the actual and empirical domains through cause-effect chains that
take different forms and can be recognized by human experience. The cause-effect chain is a
specific form for depicting the cause-effect relationship producing particular effects. It
includes a series of specific causes leading to the effect and displays the logical relationship
between the causes. In an open system, the number of cause-effect chains is infinite, and
even the causes of a single cause-effect chain can be infinitely divisible. Therefore, in practice,
people often combine cognitive purposes, cognitive capabilities, cognitive habits and other
factors and use a limited number of cause-effect chains and attributions of appropriate
granularity for cognition (Dobrusskin, 2016; Wang, 2016). As shown in Figure 5.1, the same
abstract result (effect) may be caused by an infinite number of cause-effect chains, such as
cause-effect chain 1, cause-effect chain 2 ..., and cause-effect chain n, which have different

attribution granularities.

Cause 1™ ———_ lcause2

| cause3

Cause-effect chain 1

Cause-effect chain 2
Cause A Cause B Cause C N Effects

Cause-effect chain n

Cause
v

ause I[[//

Cause | = __cause Il

Figure 5.1 The schematic diagram of causality and relationship between cause-effect chains
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After clarifying the relationship between causal relationships and cause-effect chains, we
then investigate the evidence and the evidence chain. As shown in Figure 5.1, the
effectiveness of causes 1, 2 and 3 on the cause-effect chain 1 can be judged based on the
probability strength of the corresponding evidence, and the specific correlation between the
evidence nodes of each cause constitutes the evidence chain. Therefore, the evidence chain
is used to determine the possibility that a particular cause and a particular effect are (or are
not) associated with a specific cause-effect chain. The evidence nodes on an evidence chain
are not simply listed in the form of a single line but form several evidence clusters in series-
parallel connection relations based on many causes of the cause-effect chain. Taking Figure
5.2 as an example, the single-line evidence clusters (a1, b1, c1) surrounding cause 1 can only
strengthen the power of judging cause 1, but cannot directly enhance the power of judging
cause-effect chain 1. Only when the evidence clusters (a1, b1, c1), (a2, bz2) and (as, bs, ¢c3) can
be linked to each other for mutual corroboration, then the evidence chain can be formed to

further enhance the overall power of judging cause-effect chain 1.
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Figure 5.2 The schematic diagram of relationship between cause-effect chains and evidence

chains
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5.3.2 How to build an evidence chain?
This thesis proposed that an evidence chain should be built in the following three steps:

The first step is to determine the cause-effect chain that to be verified. In an open
system, there are countless chains linking a specific cause to a specific effect, but we
often can make clear the specific way of connection between a cause and its effect,
that is, the cause-effect chain, according to existing natural or social science theories.
In the absence of the above-mentioned theories or in case of inadequate consistency
or interpretation of existing theories, we may use cognitive tools such as Soft Systems
Methodology (Checkland & Poulter, 2010) to build an abstract logic-based cause-

effect chain.

The second step is to identify evidence based on the cause-effect chain. Evidence (or
groups of evidence) can be organized based on physical, social, and data signs of
attribution elements on the causal chain. Generally, if high-weight direct evidence
exists, we may select to support a specific attribution element with a single piece of
evidence; if only indirect evidence exists, we often increase the weight of an

attribution element with a group of indirect evidence.

The third step is to link evidence (or groups of evidence) to form an evidence chain.
Here, we have to inspect the relationship between different evidence (or groups of
evidence) to guarantee no conflict or irrelevance between the evidence (or groups of
evidence). Such inspection can be carried out according to existing consensus theories
or practices. In the meantime, process tracing or data mining can be used to verify the

degree to which different evidence (or groups of evidence) support each other.

5.3.3 Primary evaluation models based on the evidence chain
The characteristics of the evidence chain can be summarized as follows: due to the
interdependent nature of nonlinear evidence nodes, the evidence chain can generate a higher

level of credibility than merely adding up the individual pieces of evidence. In other words,
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the whole is greater than the sum of its parts. Therefore, in this study, the issue of evaluating
the academic impact of the evidence chain can be transformed into an estimation of the
overall probability of occurrence of the evidence chain for the academic impact, so as to
further estimate the overall probability of occurrence of the cause-effect chain of academic
impact. Estimating the overall probability of occurrence of the cause-effect chain in a
systematic manner is a complex statistical problem. Below, we first discuss one basic

estimation method.

We assume that there are only two causes, namely, cause A and cause B, on a cause-effect
chain; P(A) and P(B) represent the probability of occurrence of cause A and cause B,
respectively; P(AB) represents the probability of simultaneous occurrence of cause A and
cause B. Generally speaking, the product of probabilities of occurrence of each cause can be
used to estimate the probability of occurrence of a particular cause-effect chain. However,
because there is a logical relationship between cause A and cause B, the estimation of the
total probability (i.e. P(AB)) of occurrence of the cause-effect chain must be obtained through

a synthesis based on the Bayesian method rather than a simple probability product. Therefore,
P(AB) = P(A)P(B/A) (5.1)
Where, P(B|A) represents the probability of occurrence of cause B in the case where cause A

occurs. It should be noted that P (B|A) refers to the conditional probability under cause A, so
P(B|A) < P(B) < 1. Therefore,
P(AB) = P(A)P(B)%,a > 1 (5.2)
This suggests that the power of P(AB) can be estimated based on the following variables:
PAEPB), Br=0,+1r=1 (5.3)
Because the cause-effect chain is theoretically unobservable, it is necessary to estimate

likelihood through formula (5.3) based on evidence data in the actual calculations. Therefore,

B r
L(P(4B)) = (L(P(A))) (L(P(B))) . Where L represents the estimation of corresponding
probability likelihood based on evidence data. If there are N causes, including causes A, B,
C...N, on a certain cause-effect chain, the overall likelihood L of occurrence of the cause-effect

chain can be estimated based on the following variables:

L= P(A)*P(B)P .....P(N)*
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where0<a <1.... 0<pu<landa+pB+--pn=1 (5.4)
The weighting factors need to be further estimated for different application scenarios, which
is not discussed in detail here. A specific application of evidence chain based on the

publication citation is discussed below.

5.4 Empirical study - A case study of the impact evaluation of Journal A and Journal B

Journal A and journal B are top journal publications with international influence in the
discipline of management science and operations research. Although the impact factor
(JIF2018= 4.311) of journal A is always significantly higher than that of journal B (JIF2018 = 3.544),
most experts in relevant fields recognize that the quality of journal B is higher than that of
journal A. In this empirical study, we evaluated the academic impact of journal A and journal

B based on the evidence chain that to explain the views of scientific community.

5.4.1 Construct the cause-effect chain and evidence chain for academic impact

As outlined in Section 5.3.2, before identifying an evidence chain, we must first explore the
cause-effect chains of these two journals’ academic impact. Generally, we use a journal’s
number of citations to express its academic impact. Therefore, the journal’s citation number
is the “effect”. Prior to follow-up investigations or systematic research, we cannot recognize
the exact purpose of the citation by an author as the causes may vary. In other words, it is
difficult to identify which specific “cause” leads to that “effect”. Weinstock (1971) has
summarized 15 specific citing motivations. Different citing motivations (causes) may lead to
the same “effect” of citation; thus, different “cause-effect chains” can be constructed. For
example, causes such as inappropriate mutual citation by associates and friends may lead to

this effect as the citation; a quid-pro-quo favour for editors also leads to this “effect”.

We take Weinstock’s citing motivations as examples to draw Figure 5.3 and assume the
existence of 15 cause-effect chains. While if a scholar read a piece of research work by any
chance, understood well the knowledge involved in the paper, then disseminated this
research work and cited this work in later writings, such “cause” based on the chain of “read-

understood-disseminated-cited” also leads to the “effect” of citation, we assume it is the 16th
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cause-effect chins in Figure 5.3. Obviously, the cause-effect relationship in Chain 16 is more
in line with the normal logic behind a citation, which is a consensus in the academic
community regarding this logic (Fry et al., 2009). We have good reasons to believe that the
number of citations reflecting the academic impact would be more authentic and reliable if

they were produced through this chain.
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Figure 5.3 The schematic diagram of cause-effect chains and evidence chains for academic

impact

The next step is to explore evidence and evidence chains to support the chosen cause-effect
chain, the 16™ cause-effect chain in Figure 5.3. Benefiting from the technological
development in the age of big data and the increasing trend of online communication among
scientific researchers, the evidence supports the “read-understood-disseminated-cited”
cause-effect chain could be traced from a series of behaviour data such as the number of
views, downloads, reads, comments, citations and other manifestations of research work. The
above evidence data can be linked according to the internal logic of their mutual

corroboration to build up an evidence chain for the academic impact. Then, we can use this
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evidence chain to judge and verify the likelihood of the occurrence of a specific “read-

understood-disseminated-cited” cause-effect chain.

Therefore, the overall probability of generating a citation result by a specific causal chain can
be estimated through the collected evidence data (in accordance with relevant evidence
chains), calculations of probabilities, and tests of parameters. Accordingly, we could

guantitatively evaluate academic impact based on the built-up evidence chains.

Additionally, if one piece of research work has not been read, downloaded, marked as a
favourite, or discussed before and suddenly been cited in a large number without any earlier
sign, we would have reasons to doubt the legitimacy of the cause-effect chain leading to the
citations. The contribution of the number of citations generated by such an undesirable chain
should be discounted to reflect a reliable academic impact. Notably, “Sleeping Beauty”
publications (van Raan and Winnink, 2019), which are recognised as “delayed recognition”

literature, are exceptional and not included in this situation.

5.4.2 Evidence data collecting and processing

The objects of this empirical study are journal A and journal B, respectively. We initially
assumed the citations of these two journals are produced through the normal “read-
understood-disseminated-cited” cause-effect chain. If “number of readers” and “number of
comments” are regarded as legitimate evidence (or evidence clusters) for the “read-
understood-disseminated” sub-chain, then “readers-comments-citations” constitutes an
evidence chain for our favourable cause-effect chain. Therefore, we first need to collect the
relevant data corresponding to the evidence chain, including the number of readers,

comments, and citations for each article in observing journals.

e Number of readers: This means the number of readers for the research output. A
research paper could be viewed or read by thousands of readers. However, a
completed reader number is difficult to record and almost impossible to obtain. Most
scholars like to save the interested research papers using reference management tools

to facilitate their future reading or subsequent use, such as citing. The reader number
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of a specific piece of research work recorded by the reference management software
could become evidence proving the solid number of readers for the research to a
certain extent. Currently, Mendeley is the most widely used online reference
management tool for users to manage and share scholarly materials in the academic
community (see Section 3.5.3). The scholarly output in Mendeley is uploaded by users
themselves into the “Mendeley library” for editing and managing. Many studies have
proved that the Mendeley reader count significantly correlates to the number of
citations (see Section 3.6.1). Therefore, this case study will collect Mendeley reader

count as the evidence data for the number of readers of targeted publications.

e Number of comments: during the dissemination of research output, readers may
spontaneously disseminate, comment, or forward articles on social networks or online
media for different purposes. Marks of sharing, commenting, forwarding, and
mentioning constitute the evidence to prove that such a piece of research work has
been disseminated and is concerned, as well as the secondary evidence proving the
contents were understood. In practice, these data evidences are small in numbers and
parallel to each other; hence, we can combine them to form an evidence cluster. We
used the sum of the numbers of discussions and mentions on Twitter, Facebook, News,

Blogs, Wikipedia, Google+ and F1000Prime as the evidence data.

e Number of citations: we will use the number of citations provided by Web of Science,
which is the most popular citation database, as the evidence data (Ezema, 2017). As
the world’s most authoritative indexing tool for scientific and technical literature, Web
of Science covers more than 8,700 core academic journals with the most significant
impact in various research fields such as natural science, engineering technology and

biomedicine. It is highly accurate, normative and authoritative (Repiso et al., 2019b).

Regarding the databases for data collection, the mainstream altmetrics platforms that

provide altmetric data include Altmetric.com (Altmetric), Plum Analytics, PLOS ALMs,
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ImpactStory and so on (see Section 3.5.2). Considering the slow operating speed and unstable
login for ImpactStory, and the fact that PLOS only provides Article-level metrics for its own
journals, we mainly consider collecting altmetric data from the two most used platforms,
Altmetric and PlumX. In Chapter 4, we systematically discussed the quality of altmetric data
on Altmetric and PlumX. According to our findings in Chapter 4, we will collect comment data
from Altmetric, including the data sources of Facebook, Twitter, Google+, FI000Prime, News,
Blogs and Wikipedia. Mendeley reader data will be collected from the Mendeley platform,

and citation data will be collected from the Web of Science.

After analysing and filtering the sources of evidence data, the next stage is data collection
and data cleaning. We initially collected the basic bibliographic information and citation count
of articles in Journal A and Journal B for 2015 from the Web of Science. Then, we used the
DOI number of each paper to gain Mendeley reader data from Mendeley and altmetric data
from Altmetric. The consolidated data information of the journals A and B is shown in Table

5.1.

Table 5.1 Data information of Journal A and B

Journal A Journal B
Number of journal papers 117 173
Number of readers 3488 6451
Number of comments 40 663
Average citation count 13.32 8.06
Total citation count 1559 1395

5.4.3 Evaluation results and analysis

After the above steps, we obtained the data of each evidence node on the “readers-
comments-citations” evidence chain for the academic impact of Journal A and Journal B.
According to formulas (5.3) and (5.4), we need to estimate the likelihood of the occurrence
of the cause-effect chain with normal citations in order to evaluate the academic impact of
the journals. We applied two scenarios for estimating the likelihood of the occurrence of the

citation cause-effect chain for journals A and B. The scenario 1 estimated the likelihood
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according to the number of readers, comments and citations of a single paper, and then
calculated the average value to gain the average likelihood of occurrence of the citation

cause-effect chain for the journal, which is expressed in formula (5.5) as follows:

N
L= Z(ri“ * df xct)/N
i=1

wherea =20, =20,u=0,anda+p+u=1 (5.5)

In formula (5.5), i=(1,2, ......N) represents the ith paper published in the journal, rirepresents
the number of readers of the ith paper, direpresents the number of comments of the ith

paper, and ¢; represents the number of citations of the ith paper.

The scenario 2 totalled the numbers of readers, comments and citations of all papers in one
journal to obtain the numbers of readers, comments and citations of the journal, and then
calculated the overall likelihood of occurrence of the citation cause-effect chain for the

journal, which is expressed in formula (5.6) as follows:

N a N B N W
(&) (B
i=1 i=1 i=1
wherea 20, =20,p=>0,anda+f+u=1 (5.6)

In formula (5.6), i=(1,2, ......N) represents the ith paper published in the journal, rirepresents
the number of readers of the ith paper, direpresents the number of comments of the ith

paper, and ¢; represents the number of citations of the ith paper.

We call the above L as the likelihood value of academic impact based on the evidence chain.
The parameters a, 8, u in formulas (5.5) and (5.6) need to be further estimated for different
application situations, and this study only selected the most representative parameters to
compare the calculation results of probability for the two journals (refer to Table 5.2 and
Table 5.3). In the meantime, in order to further compare the evaluation results of the

academic impact of the two journals based on the evidence chain, we standardized the
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calculation results by calculating the ratio of the academic impact of the two journals. The

results are shown in Tables 5.2 and 5.3.

Table 5.2 Academic impact measurement results based on evidence chain for Journal A and

Journal B (Scenario 1)

L1 L2 L3 L4 L5 L6 L7 L8
a=0.2; a=0.6; a=0.2; a=0.4; a=0.1; a=0.3; a=0.05; | a=0.15;
Weights B=0.6; B=0.2; B=0.4; B=0.2; B=0.3; B=0.1; B=0.15; | B=0.05;
u=0.2; pn=0.2; pn=0.4; pn=0.4; pn=0.6; u=0.6; p=10.8; p=10.8;
Likelihood of
occurrence of
Journal A (L,) 0.74% 2.76% 1.10% 2.20% 1.29% 2.64% 1.88% 2.73%
Likelihood of
occurrence of
Journal B (Lg) 4.92% | 12.38% 5.14% 8.38% 4.49% 7.50% 4.62% 6.05%
Lg /Ly 6.65 4.49 4.66 3.82 3.48 2.84 2.46 2.22

Table 5.3 Academic impact measurement results based on evidence chain for Journal A and

Journal B (Scenario 2)

L1 L2 L3 L4 L5 L6 L7 L8
a=0.2; a=0.6; a=0.2; a=0.4; a=0.1; a=0.3; a=0.05; | a=0.15;
Weights B=0.6; B=0.2; B=0.4; B=0.2; B=0.3; B=0.1; B=0.15; | B=0.05;
pn=0.2; u=0.2; u=0.4; pu=0.4; pu=0.6; pn=0.6; p=0.8; p=0.8;
Likelihood of
occurrence of
Journal A (L,) 2.03% | 12.15% 4.23% | 10.34% 5.63% | 13.76% 9.37% | 14.65%
Likelihood of
occurrence of
Journal B (Lg) 12.13% | 30.13% | 14.07% | 22.18% | 13.01% | 20.50% | 13.47% | 16.91%
Lg /Ly 5.96 2.48 3.33 2.14 2.31 1.49 1.44 1.15

From the results shown in Tables 5.2 and 5.3, it is observed that the two scenarios presented

the same trend: Journal B is more likely to generate the effect of citations through our

observed cause-effect chain, “read-understood-disseminated-cited”, by showing a much

higher likelihood of occurrence on our evidence chains. In Scenario 1, the likelihood ratio for

individual papers in Journal B and Journal A shows the former has approximately two to six

times over the latter occurred through our evidence chain when applying different

parameters. In Scenario 2, the likelihood ratio between the two journals has a lower scale
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compared to the individual paper when applying the same test parameters. However, Journal

B still has a higher likelihood of occurrence than Journal A.

From the statistical point of view, Journal B has a much higher likelihood of occurrence of
citations from the path as we recognized that the chain of “read-understood-disseminated-
cited” compares to Journal A. Therefore, we can conclude that the citation results of Journal
B are more reliable. It could explain the scientific community’s common views that Journal B

has a higher academic impact than Journal A if the two are compared.

5.5 Limitations of the study

It should be pointed out that the evidence-chain-based impact evaluation method depends
on screening and processing massive data, identifying evidence and improving an evidence
chain, which is not emphasised by this chapter. As an emerging impact indicator, altmetrics
has ambiguities and overlaps in data collection and statistics. Altmetric data must still be used
with caution. Additionally, the empirical study in this chapter probes into the simplest case,
with certain limitations on parameter testing and a limited sample size. However, these
problems are expected to be technically solved with progress on open data so that the

evaluation method can be further improved.

5.6 Summary

With the rapid development of scientometrics, it is possible to utilise altmetric data to
overcome shortcomings of the current research evaluation process, such as the results-driven
perspective only. This chapter presented an innovative, evidence-chain-based evaluation
method that effectively integrates all types of information across various stages of academic
impact generation, thereby improving the reliability of final outcomes. This method breaks
the limitation of unstructured, fragmented evidence in research evaluation. Complementing
diverse pieces of evidence in the evidence chain increases the completeness and reliability of
evaluation information and the accuracy and objectivity of evaluation results. The research

findings involved in this chapter are highlighted below:

121



Chapter 5. An evidence-chain-based approach to evaluating scholarly impact

This chapter conducted a discrimination of three core concepts in the evaluation,
namely causality, cause-effect chain and evidence chain, and their relations from the
perspective of the causality of critical realism (C.R.), and then built a logic framework
for impact evaluation. Based on this framework, we believe that the academic impact,
as aresult (effect), may have multiple causes, representing a typical case of a “multiple
causes to one effect” situation. Thus, academic impact evaluation should focus on
discriminating and justifying the compliance and morality of the specific causal chain
that results in an effect, in addition to the final results. The evidence chain built based
on a specific cause-effect chain is an effective tool for such discrimination and
judgment. This chapter has proposed the basic steps and methods to construct an
evidence chain.

Regarding the selection of evaluation indications and data, this chapter proposed
building an evidence chain based on the specific cause-effect chain that generates the
academic impact and includes both altmetric and classic scientometric indicators that
reflect the characteristics of academic impact formation in the evaluation system. It is
a combined use of bibliometric and altmetric data in the impact evaluation and a new
type of application of altmetric data in the field. Our research also pioneered using
multiple data sources in the quantitative evaluation of academic impact.

Concerning quantitative evaluation measurement, as non-linear evidence on an
evidence chain can support each other to increase the weight of evidence, this chapter
takes an innovative perspective that turns academic impact evaluation into an
estimation of the overall likelihood of the occurrence of the academic impact evidence
chain to further calculated the possibility of the occurrence of the cause-effect chain
of academic impact.

In the empirical research, this chapter expounded on the application of the evidence-
chain-based evaluation method by evaluating the academic impact of journal A and
journal B. We have preliminarily studied how to build an evidence chain for specific
research output from publication to impact generation and presented how to carry

out an evidence-chain-based quantitative evaluating approach to evaluate academic
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impact on this basis. The results from the empirical study in this chapter better match

the scientific community's knowledge and highlight the method's advantages.
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Chapter 6 - Evidence chain of impact of research publications

6.1 Introduction

As discussed in previous chapters, the research impact study significantly improves the
research management level and promotes research innovation. In current studies on
guantifying research impact, the evaluation system developed based on the number of
citations is the chief focus in the scientometric field. Bibliometrics, one of the leading research
methods for analysing the impact of research output, has evaluation indexes that cover the
Journal Impact Factor, h-index, and many other citation-based indicators for measuring the
quality of academic papers, the rank of journals, and the level of researchers (see Section 3.2).

Citation-based research impact evaluation actually stresses academic influence.

However, research impacts of output and activities are not limited to academics but are
oriented to the whole society. Benneworth and Olmos-Pefiuela (2024) suggested that social
impact goes beyond academic research as it encompasses the impacts on education, society,
culture or economy. Like academic impact, social impact requires proof rather than
assumptions. Tahamtan and Bornmann (2020) explained the connotation of the social impact
of research as the impact, benefits and changes that scientific research brings to areas beyond
academia, such as the economy, society, culture, public policy or services, health, living
environment or quality of life. Bornmann et al. (2019) pointed out that the term “impact” in
scientometrics seems to undergo a taxonomic change where impact is no longer defined as
the impact on science alone but on all sectors of society (e.g. economics, culture, or politics).
Several existing international social impact assessment models evaluate the impact of
research from multiple dimensions, such as economy, culture, and environment. UK’s REF,
however, evaluates social impact by a separate case study (REF, 2021). The Research Quality
Framework proposed by Australia defines research excellence in terms of social contribution

(Lacey, Coates and Herington, 2020).
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A comprehensive research impact involving academic influence and broader impacts
(economy, society, culture, public policy or services, health, and more) is challenging to
measure as a whole. However, the diversity of today’s data types makes it possible to use a
wide range of data and sources in quantitative research evaluation. For example, altmetrics
provides a new perspective on viewing research impact through scientific information usage
(see Section 3.6). Researchers’ actions can be recorded online, such as searching,
downloading, and saving a research output. We can identify academic behaviours digitally.
Therefore, obtaining the evidential data in the process of impact generating for the research
output is possible, further inspiring us to construct an evidence-chain-based impact

assessment method.

In Chapter 5, we recognised citation as the “effect”, citation motivations as multiple "causes”,
and the citing process as "cause-effect chains”. We analysed the evidence chains in the
specific cause-effect chain, “read-understood-disseminated-cited,” and validated that results
from evidence-chain-based evaluation are more in line with opinions from peer reviews. The
next step is constructing the cause-effect and evidence chains for comprehensive research

impact.

Clearly, a comprehensive impact of research output is compounded by multiple cause-effect
chains that generate impact. Clarifying the cause-effect chains that pose impacts and the
logical relationships between the causes in each chain can help us evaluate the impact of
research output more reliably. We believe that one should clearly define the stages of
research output, from knowledge-generating to impact posing, and then evaluate its impact
(including various dimensions of impact) by tracing the evidence from the process of impact
generation. This is the first time in the literature that evidence from research impact
generation has been utilized for impact evaluation. Below, we will develop an evaluation
method of research publications for research impact based on the cause-effect and evidence

chains.
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6.2 The cause-effect chains of impact of research publications

The study on the research impact of publications should be based on combining qualitative
and quantitative analysis, and the cause-effect chains of impact are the keys to analysing
impact when using our new evaluation approaches. It is essential to identify the causal
chains in the impact generation process first. Then, by illustrating the impact generation
process, we may find a clear and specific way to describe those causes and effects.
Therefore, we can identify evidence based on the cause-effect chain with the help of

accessible and reliable databases.

It is argued that the concept of research impact is often broken into stages that align with
the lifecycle of knowledge development, including the stages of knowledge generation,
meaning the creation of new insights or discoveries through research activities,
experiments, studies, and theoretical development; the knowledge dissemination or
spreading, which sharing the generated knowledge with a broader audience; the
knowledge application or regeneration, which involving adapting or integrating the
knowledge into practical solutions, innovations, or further research that regenerates the

cycle (Evans et al., 2014).

The research impact generation process can be seen as a system problem. It can be
addressed by redesigning the systems for key activities through discussion and deliberation
among the primary stakeholders, ensuring their interests are aligned and balanced (Wang
et al., 2015). Here, we adopted the stakeholder identification theory derived from the soft
system methodology to construct the stages and process of impact generation for research
publications. The methodology starts by establishing the system’s top-level objectives
through stakeholder discussions, and then the objectives are systematically broken down
into the essential key activities required to achieve them. At each stage, stakeholders

relevant to the specific activities and results are identified (Wang et al., 2015).
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The generation of research impact for publications has to be traced back to its roots, as it
is widely present in the process of research knowledge generating, disseminating,
understanding, and transforming into new knowledge or applications. We take the
research knowledge life cycle as the basic concept to decompose the stages of the research
impact process into five stages: (research) knowledge generation (S1), knowledge
publishing (S2), the first wave of knowledge dissemination (S3), knowledge understanding
and extensive dissemination (S4), and knowledge transformation and regeneration (S5).
The research impact of publications exists throughout the whole process and is clearly
reflected in the results of the knowledge transformation and regeneration stage (S5). In
Figure 6.1 below, we presented this five-stage schematic diagram and labelled these five
stages with S1 to S5. The detailed analyses of each stage were developed in the later

sections.

) ) ) )
e

Knowledge generation Knowledge publishing Fl'(r:;xl:‘ézgf Knowledge understaning and trangf[:)c:x:t?g:and
(research process) (dominant output) dissemination extensive dissemination Teqeneration —> Impact 2
S5 \
Impact 3

Figure 6.1 The schematic diagram on the stages of generation of research impact

In Figure 6.1, the stages can jump from front to rear; for instance, a research paper has just
been published in S2, and an author from the same research team could cite this paper in a
new research output in S5. The stage could not jump from rear to front due to not violating
the causal relationship on the timeline. It must be emphasised that the research knowledge
can be fed back during the dissemination process. Thus, we use dotted lines to describe the
flow of scientific research knowledge. Since feedback occurs after the positive dissemination
of research impact, only the positive dissemination is calculated in subsequent analyses.

Besides, the data on scientific research knowledge feedback is too challenging to obtain.
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In the following sections, we use key stakeholders, key actions (and processes), and key
results to reflect the cause-effect relationship in the analysis for each stage based on the
organisational stakeholder identification methodology (Wang et al., 2015). The study of the
impact of research publications needs to consider both academic and non-academic levels,
and taking non-academic impact into account is the key to extending the evaluation system
to a broader scope. The next step is to analyse the path of generating research impact starting
from knowledge generation, construct the internal logic of each process, and compile the

corresponding measurement indexes.

6.2.1 Stage 1 - Knowledge generation (S1)

The generation of knowledge goes through two essential stages: the generation of implicit
knowledge and the transformation of implicit knowledge into explicit knowledge (Poulin-
Dubois & Rakison, 1999). According to Suzuki (2017), explicit knowledge is that can be fully
expressed by human beings in a certain symbolic system (the most typical one is language,
but it also covers mathematical formulas, various kinds of diagrams, braille, sign language,
semaphore and other symbolic forms). Implicit knowledge, as opposed to explicit knowledge,
is the knowledge that we understand but cannot be described in a verbal way. This kind of
knowledge originates from people's observation and thinking about the world and is
developed into explicit knowledge through a series of actionable processes. Let us take the
research publications we want to produce as an example to analyse the internal logic
schematic of the knowledge generation stage, as shown in Figure 6.2 (the illustration of the

entire process of impact generation for publications, see Appendix 1).

Here, we define two processes: the process of generating implicit knowledge and the process
of generating explicit knowledge. The common consensus is that the stakeholders for
knowledge generation mainly have researchers, students, research teams, research
departments (or R&D), research institutes, research funds, countries and so on. Such subjects
are classified as key stakeholders in the analysis of this thesis, and we lay stress on the
research knowledge that we want to produce and only discuss the main key stakeholders,
including the research team, researchers, general scholars, and students.
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Figure 6.2 The schematic diagram of the process of knowledge generation

In the process of implicit knowledge and explicit knowledge generation, the key stakeholders'
observation, reflection, and mutual communication produce implicit knowledge (Berkes,
2009). When they express the implicit knowledge and form the manuscript, it is the explicit
process of the knowledge. Researchers make knowledge explicit by establishing arguments
and writing papers, creating drafts and preprints of articles, and students summarize research
output by writing a thesis, etc. Some experimental results and new findings that produced by
key stakeholders can also be formed into posters or slides to discuss with peers at conferences.

In addition, the research team may be involved in more work before entering the stage of
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knowledge generation, including applying for grants and carrying out primary investigations,

and the results of these actions support the production of explicit knowledge.

6.2.2 Stage 2 - Knowledge publishing (52)

Knowledge publishing refers to the process of transforming tacit and explicit knowledge into
public formats such as articles, books, or digital content, facilitating its sharing and
accessibility (Singh & Singh, 2016). Knowledge publishing is a key act for the effective
dissemination of knowledge (Neavill, 1975). The published knowledge should be presented in
a generally recognized format so that the knowledge can be understood and disseminated.
Knowledge publishing is a key medium for the creator of knowledge to disseminate his
intellectual work to other audiences. Under the Internet era, online forms of publishing are
more popular, which expands knowledge distribution channels. Presenting knowledge online
will help people acquire new knowledge. Need to note, the published results of knowledge
are often used as outcomes and measurement to evaluate the research process, however the

research output is not the end of the value of the research but a key indicator for impact.

In the stage of knowledge publishing (S2), the scope of key stakeholders who are exposed to
the explicit knowledge has extended from those related to the original research team to those
who are exposed to it in the process of knowledge publishing, such as editors and reviewers
of journals, conference organizers and more, as shown in Figure 6.3. The increase in the key
stakeholders means that the number of people exposed to this research knowledge is
increasing, which is also the embodiment of dissemination and the germination of potential
influence. When draft papers get approved by the editor's review, they can finally be
published in the journal. Conference papers can also be published in conference proceedings
after being reviewed and approved by the reviewers in the academic conference committee.
If a submitted paper is requested to be revised, the author or the research team will further
modify it and then try to publish it afterwards. Alternatively, the authors could post their
papers on preprint platforms like arXiv (physical sciences), bioRxive (biology), and SocArXiv
(social sciences) according to disciplines (Polka & Vale, 2015). The preprints uploaded to the

server can be published soon after the review. It must be noted that knowledge is irreversible
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after being published, and changes to some ideas require rewriting the paper. The published

knowledge becomes a physical object that people can read and understand.

o
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Figure 6.3 The schematic diagram of the process of knowledge publishing

6.2.3 Stage 3 - First wave of knowledge dissemination (S3)

Graham et al. (2006) define the term knowledge dissemination as “the spreading of
knowledge or research, such as is done in scientific journals and at scientific conferences”.
Salvi (2020) stressed that knowledge dissemination is the transfer of knowledge within and
across communication settings, and the expectation of knowledge dissemination is that the
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knowledge receiver will use knowledge to change practices or viewpoints or for intellectual
growth. It means that the purpose of knowledge dissemination is to serve new knowledge
regeneration. Matthews (2012) divided the knowledge dissemination network into physical
and intangible dissemination networks at individual and societal levels. Individuals have
multiple identities of knowledge creator, knowledge receiver and knowledge disseminator in
the path of research impact generation. The order in which people receive knowledge should
be clearly distinguished. Generally, people in academia receive knowledge one step ahead of
people in society, and those who receive knowledge first are the main force for further
dissemination of knowledge. The first effective dissemination of knowledge after its
publishing is the key process in which the scope of research impact is manifested. The
receivers of knowledge undergo the first wave of increase at this stage, and at the same time,
it is the basis for the continued dissemination of knowledge. The schematic diagram of this

stage is drawn in Figure 6.4.

The primary receivers of the first wave of knowledge dissemination are academic readers,
such as those who download and read the research output in the first place after its
publication. These academic readers may include scholars, researchers, and students. There
may also be some field experts who are first readers of the research output, such as
researchers in the R&D department, technicians, managers, and other highly educated
readers. If the scientific outputs are published from preprint platforms, university thesis
depository or other channels, academic readers like researchers and students may become
the first wave of readers. For conference papers, conference participants and spectators
could be the receivers of first-wave dissemination. The result of the first-wave transmission
is that everyone understands and gets the implicit knowledge. Some stakeholders may have
no interest in the content or understand the knowledge involved and, therefore, have no
desire to continue the dissemination. The dissemination process and the scope of the first
wave of knowledge dissemination can initially reflect the scope of research content involved

and thus influence the size of the scope of scientific research impact.
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Figure 6.4 The schematic diagram of the first wave of knowledge dissemination

6.2.4 Stage 4 - Knowledge understanding and extensive dissemination (S4)

After knowledge is disseminated through the first wave, it is understood by stakeholders
while being continued to be disseminated and forms the stage of knowledge understanding
and extensive dissemination, as shown in Figure 6.5. After stakeholders understand the
knowledge, they will develop their own opinions, such as agreeing, disagreeing and
commenting. Stakeholders may spread their own opinions when further spreading the

existing knowledge. For example, when a teacher introduces an article to students, he or she
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will talk about why he or she recommends the article. Usually, scholarly professionals would
like to comment on the publications when they share these research outputs with peers.

Comments or opinions upon the publication show an understanding of the knowledge.

The receiving group in the first wave of knowledge dissemination lays the foundation for
knowledge re-dissemination. After understanding the content of the knowledge, the
audience in the first wave of dissemination may carry out recommended dissemination or
may have already generated new views and directly start the stage of knowledge
transformation and regeneration (S5). In the course of understanding and disseminating, the
number of key stakeholders involved in this process is increasing. Receivers of dissemination
further spread publications after reading and understanding them, and then gradually
resulting in extensive dissemination. The scope of knowledge dissemination is increasingly
expanded, not only within the academic community but also in other aspects of society in the
extensive dissemination stage. Besides, some stakeholders will stop the dissemination at this

stage, and some will jump into the knowledge transformation and regeneration stage.

Key stakeholders in S4 include academic readers and various societal readers. Academic
readers play an important role in the prophase of extensive dissemination of scientific
knowledge because of their own expertise. Researchers may directly pass the research output
to other researchers, colleagues, or grant applicants to play a role in generating new research
projects. People close to the academic community, such as teachers, students, general
scholars, domain experts, and service providers of the academic community, are also early

receivers in the dissemination process.
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Figure 6.5 The schematic diagram of process of knowledge understanding and extensive

dissemination

With an understanding of the knowledge in research output, more readers continue to spread
the knowledge. Domain experts may transmit knowledge to specific work areas, such as R&D
departments and laboratories in companies, to impact the development of new technologies,
patent applications, and more. Company personnel may, in turn, pass on knowledge to
investors, CEOs, project managers, and product managers, thus influencing the company's
operations. A small number of societal readers who are close to the research team, such as

friends and family members of the team, may become the early receivers of knowledge
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dissemination. Most social readers become receivers of knowledge dissemination after
academic readers are fully convinced of the validity of scientific knowledge. Research output
related to specific industries will be further disseminated to the related fields, such as medical
research content will be spread to doctors, management research content will be transmitted
to management service personnel, and policy research outcomes will be relayed to

policymakers and government personnel.

As the impact of the dissemination continues to grow, more social readers will be generated.
For example, journalists are also important catalysts for disseminating research knowledge to
the community. Bear in mind that on the path of knowledge dissemination involving patents,
projects, and products (see Figure 6.2 to 6.5), the scope of further dissemination will not be
significantly expanded due to the narrower scope of specific patents. Nevertheless, it is easy
to enter the stage of knowledge transformation and regeneration (S5) faster in the form of
the application of the knowledge. The results of broader impact, such as societal impact, take
a longer time to brew to reflect the significant influence of research output at some point, so
the stage of knowledge understanding and extensive dissemination (S4) is an important part

of the overall impact of research.

6.2.5 Stage 5 - Knowledge transformation and regeneration (S5)

When knowledge is continuously disseminated, all stakeholders, as illustrated in Figure 6.6,
generate some own ideas as implicit knowledge and then transform the implicit knowledge
into new explicit knowledge or applications. For instance, researchers quote obtained
scientific knowledge in new papers or books to achieve knowledge reproduction. They may
cite the obtained knowledge in grant applications for applying funds for new research. Other
scholars, such as teachers, transform the acquired knowledge into teaching materials, and
students may use acquired knowledge to complete their thesis or coursework. Some science
services peoples, such as librarians, can optimize academic materials after obtaining statistical
knowledge from the latest research outcomes, and they can manage academic resources by
understanding new methods of management or data applications. Domain experts and R&D

staff can use the knowledge gained to start new technology research, and new outputs may
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include patents and papers. The company managers can carry out new projects and launch
new products by understanding new technologies, thus making the company more profitable.
Company investors and CEOs can set up new strategic goals and advance toward new
development directions through the understanding of obtained scientific knowledge, thus

influencing the company's future development.
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Figure 6.6 The schematic diagram of the process of knowledge transformation and

regeneration

Regarding social readership, the transformation of knowledge can vary from industry to
industry. For example, doctors will improve the quality or method of treatment based on the

latest research output; government workers can modify the policy documents or develop new
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ones based on new issues presented in scientific research. Other social service workers may
improve the quality of public services based on new scientific research techniques. General
scholars, or high-level readers, can transform obscure research knowledge into popular
science articles and, therefore, may be conducive to disseminating knowledge to all sectors
of society. When research knowledge is widely disseminated at the societal level, more

stakeholders will emerge to transform and regenerate the knowledge in different fields.

Key results in the stage of knowledge transformation and regeneration (S5) are evident proofs
to reflect the research impact, as shown in Figure 6.6. The number of publication citations is
one key result that can best reflect the original knowledge transformation and regeneration
in the academic context. Such citations could include journal, book, and student paper
citations. Scientific knowledge transferred to the company and the industrial sector can
inspire patent research in the company’s R&D department, and then patent citations are an
obvious result. In addition, the profit results that scientific research knowledge brings to the
company by inspiring new research, projects and products may not be easy to distinguish
from the daily profit results. However, if the product uses a patent and the patent has cited
previous research output, then it can still indirectly reflect the economic impact brought by
the original research output. Moreover, key results like citations in policy documents and
mentions in news, reports, or public blogs embody the impact of research knowledge on
society. The citations in Wikipedia also reflect the public's understanding of knowledge and

the social impact generated.

The ultimate impact of research output is expressed through the realization of its application
and value, which is a comprehensive impact on all aspect as a whole. The key results in the
S5 cross-reflected a comprehensive impact of research output on various aspects of society.
We summarised the following aspects of influence according to our process of generation of
impact based on cause-effect chains: generation of new knowledge, educational
improvement, economic wealth, innovation and entrepreneurship, sustainable development,

public service improvement, health and well-being, government governance and social
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awareness. To generalize the above aspects can better understand and analyse the

composition of the comprehensive impact of research out.

To sum up, we have distinguished and defined the key actions and results in the process of
generation of research impact, which exists in the five stages from research knowledge
generation to knowledge transformation and regeneration. There is a causal relationship in
terms of the timeline between the five sub-processes. However, it should be noted that
knowledge can also enter the transformation and regeneration stage (S5) directly without
publishing (S2) or external dissemination (S3 & S4). For example, a researcher in the same
research team could skip the current research but start an extended topic directly.
Alternatively, research knowledge could be transformed and regenerated at the first wave of
dissemination (S3). The stages can jump from front to rear, but not from rear to front, and
cannot violate the causal relationship on the timeline. In summary of the above analysis and
sub-processes, the whole process of research publications, from knowledge generation to
posing impact, is presented below in Figure 6.7 (a large print version is available in Appendix

1).
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Figure 6.7 The comprehensive schematic diagram of the generation of research impact for publications
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6.3 The evidence data of measurement in impact evaluation

Through the above theoretical discussion, the quantitative evaluation of the impact of
publications based on the evidence chain requires abundant evidence (data) on actions and
results. The evidence data should follow logical relationships on the cause-effect chains of the
impact generation process. The collection of sufficient evidence relies on the availability of
accessible data. Today, the scholarly community uses online platforms for research work and
communications. The traces left online recorded their academic activities and interactions,
which form many unique academic behaviour data (see Chapter 4). The increased diversity of
data sources, such as altmetrics, provides opportunities to trace such evidence data that
reflect the impact related to the research outputs. Therefore, extracting traceable data is

important in constructing the evaluation measurements.

6.3.1 Measurement of impact generation process

We aim to summarise the measurement data to reflect the actions, results and impact in each
stage of the comprehensive paths of research impact generation, as developed in Section 6.2.
All stages of the impact generation process could contain rich data, but not all the data are
collectable. Some actions, such as writing a thesis, are in the knowledge generation stage, but
it is challenging to form visible data. Our mission is to extract and specify the traceable data
that can potentially be collected. Table 6.1 below summarises some example indicators
derived from the comprehensive process of impact generation for research publications from

stage 1 to stage 5.

Table 6.1 Measurements of the impact generation process

Key Key action Key results Measurement Indicators
stakeholders data (example)

S1  Authors Apply grant for Grant Grant data The number of supporting
research application grants; the amount of
(output) supporting grants;

S2  Authors Submit Research Publication data Published journal papers,
research output Preprints, conference
output for published proceedings, theses, books,
publishing and patents;
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S3  Academic Read the Research View data The number of views of the
audiences research output is research output across
output viewed displayed platforms;
Academic Download the  Research Download data  The download number of the
audiences research output is research output;
output downloaded
S4  Academic Save the Research Reader data The number of times the
readers research output is research output is saved to
output to added to Mendeley, CiteULike or other
reference reference reference management
management management software;
software software
Various Mention the Research Mention data The number of times the
readers research output is research output is mentioned
output in the mentioned in in the media, such as news,
media or the media or newspapers, or websites such
various online  various online as Wikipedia, blogs, forums,
platforms. platforms. and more;
Various Discuss or Research Discussion data  The number of times the
readers comment on output is research output is liked,
the research discussed or discussed, or commented on
output on commented the social media platforms
social media on social such as X, Facebook, Reddit
media and more;
platforms
S5  Various Cite the Generation of  Publication The number of citations of the
readers research new citation research output in scholarly
outputinnew  knowledge literature, such as journal
literature papers, books, essays, and
other scientific documents.
Various Cite the Generation of Patent citation ~ The number of citations of the
readers research new patents research output in new
output in new patents.
patents
Various Cite the Generation of  Clinical trial The number of citations of the
readers research new clinical citation research output in clinical
outputin new trials trials.
clinical trials
Various Cite the Generation of  Policy The number of citations of the
readers research new policy document research output in policy
outputinnew  documents citation documents.
policy
documents
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Various Use research Generation of Other referring  The number of times the
readers outputin new forms of  data research output is used in
business, output wider applications, such as
design, business meetings, design,
project, project, product, new
product, treatments, techniques, and
various more.
applications or
techniques

First, we need to clarify what measurement data is. Sebastian-Coleman (2012) states that
measurement data are “facts and statistics collected together for reference or analysis.”
Measurement data could include attribute data to count the number of facts, such as 160
downloads. It is clarified that the purpose of measurement data is to increase our
understanding of an object or situation by measuring that object or situation (Sebastian-
Coleman, 2012). At each stage of the research impact generation process, measurement data
mainly reflect the number of key actions taken by key stakeholders or the number of the key

results from their actions.

In the stage of knowledge generation (S1), most data that reflects key actions or key results
are invisible. A specific data that needs to be discussed is the grant data. Here, the grant data
means the supporting grant to aid the production of the research output. Grants were applied
by authors or the research team to support producing the research output. When a grant has
been granted from the fund body, it means the proposed research has promising research
value. Therefore, grant data is a result data that exists in the stage of knowledge generation
(51), with the key stakeholders being the authors or the research team. Additionally, the grant
may indicate an extra value recognised by investors so that the grant means that a particular
impact has been generated. At present, grant data becomes publicly available once the
research output is published. This is because publications acknowledge the specific funds
used, allowing us to count the supporting grant data. While gathering grant data directly from
the funding body may be challenging due to data privacy, we can still access it from the

published output (Bordons et al., 2024).
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In the stage of knowledge publishing (S2), publication data could include published journal
papers, preprints, conference proceedings, theses, books, and patents. These published
research outputs are the results of knowledge publishing. The stage of the first wave of
knowledge dissemination (S3) mainly contains measurement data on viewing and
downloading the research output. Example indicators could be the download number of the
research output, number of abstract views, full-text views, clicks, etc. Some platforms count
views and downloads of papers by themselves. For example, ScienceDirect has publications
with full-text views and download statistics (Yom, 2023). The challenge is that there is rarely

a platform that can count all view or download times for all published publications.

The stage of knowledge understanding and extensive dissemination (S4) involves numerous
indicators. As the research output’s readership increases, the knowledge is spread and
understood on various platforms. These include reference management software like
Mendeley and CiteULike, social media networks like X(Twitter), Facebook, and Reddit, online
websites like blogs, Wikipedia, Google, and Quora, various blogs, peer review forums like
PubPeer and Publons, and more (Kassab et al., 2020; Liu, Jones & Wang, 2023). The above
examples are not exhaustive but only list specific common indicators. As data diversification
develops, more data could become available to reflect the dissemination and understanding
of knowledge on different platforms. At this stage, the more diverse the data for the research
output, the more extensive the knowledge is disseminated. It should be noted that some data
sources only emerged in recent years, so their coverage and statistical methods need to be

examined. The quality of the data should be verified before using it.

In the knowledge transformation and regeneration stage (S5), a new form of output
containing the understood knowledge was conducted. Key stakeholders in this stage
transform the knowledge into new forms, and the types could be various—for example, new
research papers, essays, ideas, patents, products, and more. The data that can be used to
trace the source of new knowledge is reference data, which records the source knowledge.

Therefore, the traceable measurement data in this stage may include publication citations,
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patent citations, clinical trial citations, and policy document citations. Different stakeholders
can also transform knowledge into ideas in design, projects, products, or other social
applications or techniques, but such data may be difficult to obtain unless the source

knowledge is referenced.

6.3.2 Measurement of different dimensions of impact

The impact of research outputs should be extensive and comprehensive. We have
summarized the different dimensions of impacts commonly used in Figure 6.7, but this list is
not exhaustive. Besides, many aspects of the impact are also cross-reflected. It also needs to
be noted that impacts could be directly or indirectly influenced. We may find data to support
the direct impact related to the research output, but those indirect impacts would be difficult
to distinguish. Table 6.2 illustrates a few examples of indicators for different dimensions of
impact. However, whether these data can be formulated and collected is another issue that

depends on data development in this industry.

Table 6.2 Examples of impact indicators

Dimensions Indicators (example)
Generation of new Amount of new knowledge generated, which includes academic
knowledge output and non-academic output;

Educational improvement Amount of applications in teaching PPTs, textbooks, and other
school documents;

Economic wealth Profit from new patents, projects, or products;

Innovation and Number of new ideas, start-ups, strategy change;
entrepreneurship

Sustainable development The number of transformational enterprises; the number of
environmental-friendly products and policies;

Public service improvement Development of social public service provisions;

Health and well-being Number of new medicines, treatments or services; Number of
improved standards in the level of medical care;

Government governance Number of policies formulated;
Social awareness Amount of Knowledge diffused and increased level of civic
awareness;

145



Chapter 6. Evidence chain of impact of research publications

6.4 Summary

Along with the development of the Internet era, when a large amount of data becomes
available, evaluation methods that are more adapted to the times will be developed. The
scientometric evaluation method based on the number of citations is increasingly unable to
evaluate the comprehensive impact of research output in an all-round way. When considering
the impact of scientific research, the focus should be both the academic community and other
aspects of society in a broader way. The comprehensive impact is the next focus of research
evaluation, as many countries consider the evaluation of impact to be an essential basis for
allocating science and technology resources. To develop the evidence-chain-based
methodology on comprehensive research impact for publications, we had the following

achievements:

e In this chapter, we proposed a research logic based on the impact generation cause-
effect chains, which puts together the academic, social, and economic impacts of the
research output as a study of the comprehensive impact posed by scientific research.
We identified five logical stages of generating impact for research publications:
knowledge generation (S1), knowledge publishing (S2), the first wave of knowledge
dissemination (S3), knowledge understanding and extensive dissemination (S4), and
knowledge transformation and regeneration into new outputs (S5). The original
research output's extensive impact arises across the different paths of the whole

process.

e Wealso clearly defined the key stakeholders, key actions, and key results of each stage
and then extracted quantitative indicators to help aggregate the comprehensive
impact of the scientific research. The more indicators, the better. However, we need
to note that the indicators were involved in various types of data and data sources,

and not all kinds of data are collectable or of good quality for use.

e We haveillustrated and summarized the path of research impact generation along the

logic of research output from knowledge generation to impact generation. Our cause-
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effect paths of the impact provide a clear and logical perspective on impact, which
breaks through the original limitation of only considering the output's results data in
the impact evaluation. Using the data collected at each stage to evaluate the impact
could solve the attribution and reliability problem and make evidence data causally

connected.

e Our evidence-chain-based impact evaluation method was further developed with a
conceptual model of a comprehensive impact generation process. Using multi-source
data as a quantitative method for research evaluation is a new way of thinking. This
perspective provided new insight into impact evaluation, with data objectivity and

logical accuracy.

The limitation of this chapter's study is that our impact-generation process model only
summarised the most common conditions; more impact-generating paths exist but have yet
to be demonstrated. Besides, we cannot collect all the path information due to the current
data tracing capability. The expected practical impact calculation could only be based on the
available measurable data. Furthermore, the final quantitative evaluation results rely on a
large amount of data screening and processing, and no authoritative methods are available
to assign weights and quantify specific indicators. Using big data obviously provides a better
way of thinking for research evaluation. However, the cost of data collection and establishing

a database with all chain data are still hurdles to a more comprehensive impact evaluation.

In the future, as data collection and processing technology develops, these problems are
expected to be solved at the technical level, and the method of evaluating the comprehensive
impact of scientific research based on the evidence chain will be further perfected. In the next
chapter, we will conduct a real case study using the currently available data to evaluate the

impact of research publications.
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Chapter 7 - A case study of comprehensive impact evaluation for
research publications

7.1 Introduction

Chapter 6 delved into the intricate cause-effect chains of scientific research knowledge from
generation to posing impact. Using the evidence data on the cause-effect chains, we can
construct impact evaluation models and aggregate the assessment results. This chapter will
collect journal papers from five major category groups to evaluate their comprehensive
impact based on evidence data collected in the impact generation process. We developed
primary evaluation models in Chapter 5, and this chapter will further develop comprehensive
impact evaluation models utilising the structural equation modelling approach. The structural
models for different disciplines will be built for impact evaluation on different category groups.
At the end of the chapter, we will illustrate some ranking results of the impact of publications

using our evidence-chain-based evaluation methods.

7.2 Database screening and data quality verification

Our evidence-chain-based quantitative evaluation method requires substantial evidence data
extracted from the impact generation process. The data shall be of good quality and
accessibility. Therefore, ensuring good data quality is the precondition for using these data to
construct impact evaluation models. The data quality largely depends on its database's
coverage and counting methods. Choosing the appropriate database for data collection needs
to be intensively investigated and discussed. Moreover, obtaining all evidence data across the
impact generation process is extremely challenging. We pursue as much as we possibly can
to collect the data within the process of impact generating, yet this depends on the availability
and accessibility of the data. Section 6.3 has addressed a range of measurement data and
potential indicators. Below, we will discuss the corresponding data and database across

different stages of the impact generation process.
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7.2.1 Measurement data in S1

In the stage of knowledge generation (S1), most measurement data are invisible except grant
data, as discussed in Section 6.3.1. Potential indicators for grants linked to the research
output may include the number of supporting grants or the amount of supporting grants for
the research output. To select the best database of grant data of publications for our case
study, in the following sections, we will explore the most used worldwide grant databases,
their data forms, data counting mechanism, coverage of funding sources, and use sample data

to conduct the comparative analysis when necessary.

7.2.1.1 Research grant and database

Research grant varies by the fund’s types and disciplines, and different countries have
different funding institutes. For example, the United States has the National Institutes of
Health (NIH) and National Science Foundation (NSF) for national fund application and
management (Berg & Ashurst, 2019). UK has Cancer Research, Innovate UK, Economic and
Social Research Council (ESRC), Medical Research Council (MRC), Arts and Humanities
Research Council (AHRC), Natural Environment Research Council (NERC), Biotechnology and
Biological Sciences Research Council (BBSRC) and many other fund bodies (Cooksey, 2006).
Other famous national research funds include the National Natural Science Foundation of

China, the Swiss National Science Foundation (SNSF), etc.

Each fund body has its own funding disciplines and a range of fund supporting methods. For
example, the National Institutes of Health (NIH) is a leading global provider of research
funding in life science (Berg & Ashurst, 2019). NIH's database, Research Portfolio Online
Reporting Tools (RePORTER), offers a user-friendly interface for accessing NIH-funded
research projects, publications, and patents. It enables users to search funded projects by
keywords, investigator names, or institutions. Similarly, the National Science Foundation
Award Search provides a seamless experience for exploring NSF-funded research projects
across various disciplines, including science, engineering, and social sciences. Users can
search for awards by keywords, institutions, or program areas (Award Search, 2024). Another

user-centric grant database in the US is the grants.gov. It serves as a central portal for
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searching and applying for federal grants in the United States, aggregating grant opportunities
from over 1,000 federal grant-making agencies (Grants.gov, 2024). The Funding & Tenders
Portal, as the central gateway for accessing funding opportunities and tender notices offered
by the European Union, covers a wide range of research and innovation programs, including
Horizon Europe (EU Funding & Tenders Online Manual, 2021). PubMed has the funding
information whilst mainly serving life sciences and biomedical topics (Bordons et al., 2024).
OpenAire, which harvests open science systems to create datasets of publications from EU-
funded projects, is the largest funding database in the EU. The limitation is that OpenAire only

records European Commission-supported research projects (Manghi et al., 2019).

It is important to note that the aforementioned grant databases, while valuable resources,
have their limitations. They primarily focus on scientific research projects they have invested
in and are bound by certain regional boundaries, making them less comprehensive for our
case study. Moreover, the grant data we aim to collect should be linked to the resulting
published research papers, a connection that is often missing (Boyack, 2009). This

understanding of the databases' limitations is crucial for our research approach.

7.2.1.2 Bibliographic database with grant data

Through literature review, comprehensive funding data involving multidisciplinary and
worldwide publications is available in commercial bibliographic databases, including the Web
of Science (WoS), Scopus, and Dimensions (Bordons et al., 2024; Liu, Tang and Hu, 2020;
Mugabushaka, 2020). The WoS started to provide funding information in 2008, Scopus in
2017, and Dimensions in 2018 (Mugabushaka, 2020). As clarified by Bordons et al. (2024), the
quality of the funding data collected by a database largely depends on the sources used and
the database's ability to extract original text information correctly. Therefore, carefully
studying the grant data in these databases is essential to guide our data collection. The
following paragraphs will compare each database's funding data forms, data collecting
methods, and coverage of funding sources, then use sample data to conduct a comparative

analysis.
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As learnt from the WoS database and its official websites, WoS provides funding organizations,
the preferred funding names, the grant’s titles and numbers, and funding acknowledgements
for each publication when its fund information is available. The funding data provided by WoS
is mainly collected from publications themselves (acknowledgements) and supplemented
with grant repositories such as Medline or Researchfish (Clarivate Support, 2023). Starting
from November 2020, WoS integrated funding sources into a range of grant repositories with

more than 1200 funding agencies in its core collection database (Clarivate Support, 2023).

Regarding the data collection methods in Scopus, Scopus uses natural language processing
and machine-learning techniques to identify grant information in funding acknowledgment
sections of the documents (Baas. et al, 2020; Bordons et al., 2024). The latest Content
Coverage Guide of Scopus updated March 2023 on its official websites exposed that funding
information is recognised if the funding body is included in the database of Open Funder
Registry (OFR) sponsored by Crossref?3. Scopus presents the funding details of publications
include Funding Sponsor (i.e., the National Natural Science Foundation of China), Funding
Number (i.e., 31161130357), Funding Acronym (i.e., NSFC) and funding text (full text of

acknowledgements).

Dimension provides comprehensive supporting grant information, including the titles of
grants, grant numbers, funding amount, funding periods, original grant description, grant
abstract and keywords, original grant link, program name, investigators, resulting publications,
resulting patents, resulting clinical trials, and more once the relevant information is
available?* (Dimensions, 2022). Dimensions link publications and research life cycle data more
entirely than any similar bibliometric database to date, including supporting grant
information (Herzog, Hook & Konkiel, 2020). According to Hook, Porter, and Herzog (2018),
Dimensions adopt a hybrid approach to linking publications and relevant funding data. First,

a machine-learning technique is used to capture existing funding data, such as PubMed, which

2 https://www.elsevier.com/products/scopus/content
24 https://dimensions.freshdesk.com/support/solutions/articles/23000018851-what-information-does-

dimensions-have-for-each-funded-grant-
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includes grant information associated with the resulting papers. Secondly, grant numbers and
codes contributed by UberResearch (a data science company focused on establishing the
global grants database and initiating the dimensions platform?°) are applied to search through
funding acknowledgement context in the paper as permitted by publisher relationships.
Additionally, when grant identifiers are not explicit, Dimensions identifies funding attributions
and matches them with the existing funder to aid identifications. Therefore, through machine
learning to analyse the datasets and entity-assisted identification, Dimensions identified over

32 million links between publications and funding bodies (Hook, Porter & Herzog, 2018).

From the above literature, we can see that WoS collects funding information through
publications’ funding acknowledgment texts, and identifies funding agencies through
integrated funding sources. Since Scopus' funding data sources heavily rely on the Crossref
funder database, Scopus' funding data quality shall be limited by coverage. A comparative
case study on the accuracy of the funding information in Scopus carried out by Liu (2020)
states that 68% of the funded papers have inaccurate funding data. Liu (2020) also compared
the funding data extracted from WoS, found that 8% of papers are inaccurate, and remarks
that the funding information collected by WoS is better than that of Scopus. WoS extracting
funding details from publications, where they often coexist with other forms of
acknowledgements, adds complexity to the extraction process, potentially resulting in some
loss of information through automated identification (Grassano et al.,, 2017). Prior
investigations in the WoS have suggested that the fund information loss could affect
approximately 12% of research papers (Bordons et al., 2024). Besides, WoS's data extraction
method, which relies solely on funding acknowledgement (FA) text, may have issues with

insufficient information or mistakes made by authors.

7.2.1.3 Sample test
A small data sample is used to investigate the quality of grant data between WoS, Scopus,
and Dimensions in order to compare these databases’ grant data in depth. Five hundred

papers with funding information were randomly selected and matched the corresponding

% https://www.digital-science.com/blog/2016/10/uberresearch-announces-dimensions-publishers/
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grant data from WoS, Scopus, and Dimensions via DOI. The descriptive statistics are presented
in Table 7.1, which shows that Dimensions has the highest maximum and mean number,
meaning its funding data has the highest count on average. The data correlations among the
three databases are analysed, as shown in Table 7.2, and the results show that all three
databases’ grant data are significantly correlated. According to the data sample comparison
results, the grant data in Dimensions has the best quality. Therefore, we will use Dimensions

for grant data collection.

Table 7.1 Descriptive statistics of grant data sample

N Minimum Maximum Mean Std. Deviation
WoS 500 0 61 3.80 9.689
Scopus 500 0 68 4.55 9.544
Dimensions 500 0 93 6.45 13.180

Table 7.2 Correlations of grant data sample

WoS Scopus Dimensions
WoS 1 .973™ .943™
Scopus .973™ 1 .891™
Dimensions .943™ .891™ 1

**_Correlation is significant at the 0.01 level (2-tailed).

7.2.2 Measurement data in S2

In the process of generating and disseminating research impact, the knowledge publishing
stage (S2) could include all kinds of published content (see Section 6.2.2). Since published
journal papers are evaluation subjects in this case study, we need to find other indicators in

S2 associated with the published journal papers. Below are detailed research outcomes.

7.2.2.1 Conference proceedings

We explored publication data on conference proceedings and found the main issue is its
linkage to published journal articles. If a full conference paper has already been published in
the conference proceedings, republishing it might only be possible if it is an updated version
of the original paper. It is suggested that at least 30% of new content should be added to the

journal version, and the journal version must cite and discuss the previous conference paper
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and summarize the new material (Offutt, 2016). Additionally, the paper's title should be
changed to avoid having two published papers with the same title in the public domain, which
can be confusing and unethical. Conference papers and journal articles are two different types
of published documents, and therefore, linkage data is rare. Although a link between a
conference proceeding and a journal article can be discovered through overlaps of content
and authors, it is challenging to match without errors due to changes in titles, abstract and

sometimes authors. More importantly, such available databases are deficient.

7.2.2.2 Preprints
Publication data on preprints can deliver the demand in our case study because preprints can

have the same title and same content except for corrections after editors’ review.

Preprint platforms provide researchers with the opportunity to quickly share their research
findings on an open-access public server. There are numerous preprint repositories available
online, each with its own unique focus (Directory of Open Access Preprint Repositories, 2024).
Some are subject-specific, while others cover multiple disciplines. It is important for users to
explore various platforms to find the most recent research on a specific topic. Besides,
preprints can be found through non-preprint resources such as PubMed and Google Scholar
(Kirkham et al., 2020). Table 7.3 illustrated ten examples of preprint repositories that are
commonly used (Clarivate, 2023; Elsevier, 2024; Kirkham et al., 2020; Lin, 2018 May 31) and
summarised their main characteristics and the sizes of the repositories as of 2023 (Directory

of Open Access Preprint Repositories, 2024).

Through database investigations, it is verified that arXiv and bioRxivt provide “related DOI” to
record the links to published publications afterwards. In arXiv’'s submitting system, the
authors could add the information of the final published article, including DOI and journal
references, to their preprint papers (arXiv, 2024). Therefore, these two preprint servers have
information for linked published papers with preprints. However, we aim to use one database
that covers preprint repositories as much as possible. The commonly used bibliographic
databases that contain preprint publications include WoS, Scopus, and Dimensions.
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Accordingly, the following paragraphs compare three databases with their coverage and data

count records. Examples of preprint repositories.

Table 7.3 Examples of leading preprint repositories

No. Name Discipline Description Size Created
1 arXiv Multidisciplinary Main focus on mathematics, physics, 2,250,000 1991
astronomy, computer science,
guantitative biology, statistics,
guantitative finance and economics
2 bioRxiv Biology Open access preprint repository for 194,000 2013
the biological sciences
3 medRxiv Medicine Open access preprint archive for 42,000 2019
medicine
4 ChemRxiv Chemistry Open access preprint archive 13,865 2017
for chemistry
5 Peer) Biology, medicine Initially developed as preprint server 5,086 2013
PrePrints for PeerJ submissions. Closed Sep
30th, 2019
6 Preprints.o  Multidisciplinary ~ Preprint server for interdisciplinary 36,623 2016
rg research governed by MDPI
7 Social Multidisciplinary ~ Aggregates over 30 preprint servers 950,733 1994
Science (Preprints with The Lancet, Cell
Research Sneak Peek, etc.) and covers over 55
Network disciplines. Initially funded by SSRN
(SSRN) in 1994, bought in 2016 by Elsevier.
8 Nature Multidisciplinary ~ Preprint repository of scholarly work 3,423 2006
Precedings in the fields of biomedical sciences,
chemistry, and earth sciences
9 Research Multidisciplinary ~ Preprint server plus editing 223,000 2018
Square (commercial)
10  TechRxiv Engineering Preprints in Technology Research 1,043 2020

The Preprint Citation Index in Web of Science (WoS) is a multidisciplinary collection of

preprints from a wide range of leading preprint repositories, including arXiv, bioRxiv, medRxiv,

chemRxiv, Preprints.org, and over 20 repositories to be added in the future (Clarivate, 2023).

The five repositories covered by WoS have been listed in Table 7.3. These repositories

contribute over 2.5 million preprint records, and each server has a varied start date for data

collection.
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One of our main tasks is to discover the linkage data between preprint documents and related
peer-reviewed journal articles. It is observed that the Preprint Citation Index in WoS is a
parallel database to all the other WoS collections. We carefully checked the preprint index
pages but failed to find direct links between preprints and resulting journal articles. WoS adds
authors of preprints to its author records in the WoS Core Collection, together with ORCID
Number, so that we can find both preprints and peer-reviewed publications through author
pages. However, such linkage makes it difficult for us to prepare data downloads. On the other
hand, Preprint Citation Index also records citation counts from other preprints and all
documents collected by WoS. Consequently, WoS may focus on document collection

(preprints and journal articles) rather than connections between them.

Scopus has 1.8 million preprint records as of June 2023 from seven preprint servers, which
include arXiv, bioRxiv, ChemRxiv, medRxiv, SSRN, TechRxiv, Research Square (McCullough,
2023, May 10). Scopus also supports viewing peer-reviewed articles related to the preprints
but is subject to the documents involved in the Scopus database coverage. We must be aware
that preprints in Scopus are collected from 2017 onwards, and there is no data for earlier
years (Elsevier, 2024). This will limit the data coverage of preprints in Scopus and not favour
our case study’s target publication set, as our targeting publications should been published

before 2015 to observe their broader impact.

Dimensions indexes preprints from arXiv, bioRxiv, ChemRxiv, SSRN Electronic Journal, Peer)
Preprints, Nature Precedings, Research Square, EGUsphere and others (Dimensions, 2019
November 19). We have listed most of the repositories mentioned in Dimensions in Table 7.3,
including arXiv, bioRxiv, ChemRxiv, SSRN Electronic Journal, Peer) Preprints and Nature
Precedings. With over 4.2 million preprint records, Dimensions has a much higher number of
preprints than WoS and Scopus. According to our database investigations, a valuable feature
of Dimensions for our case study is that it links preprints to the resulting peer-reviewed

journal articles where possible. Each preprint page presents information such as authors,
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abstract, references, and the resulting publication. The links to original preprint documents

are also added to the journal article publication page in Dimensions.

Based on the above analysis, only the Dimensions platform will likely provide the most
suitable data for this case study, so we need to verify the coverage of preprints further on the
Dimensions platform. We want to study the impact of documents published between 2013
and 2014; thus, the preprint platform needs data from 2013 onwards. According to Table 7.3,
arXiv, bioRxiv, SSRN Electronic Journal, PeerJ Preprints and Nature Precedings are covered by
Dimensions and have data from at least 2013. Therefore, we selected a set of random
preprints (n=500) from each repository and then matched them with the documents in

Dimensions. Our sample selection and comparing results are summarized in Table 7.4.

Table 7.4 Matching results of preprint repositories in Dimensions

Repository name Documents Matched Matching %
arXiv 500 500 100%
bioRxiv 500 500 100%

SSRN Electronic Journal 500 475 95%

Peer] Preprints 500 500 100%
Nature Precedings 500 500 100%

It was found that all randomly selected preprints from arXiv, bioRxiv, PeerJ) Preprints, and
Nature Precedings were covered by Dimensions. Hence, the matching rate of these preprint
repositories is 100% in this sample, respectively. The investigating method is DOl matching.
All preprints from the above repositories have valid DOIs. For Nature Precedings, different
preprint types include articles, posters, and presentations, all covered with Dimensions in our

tests. It is noted that Nature Precedings only has preprint data from 2006 to 2012.

For preprints from the SSRN server, 25 out of 500 papers failed to locate in Dimensions, so
the matching rate of SSRN is 95% under this data sample. However, we believe Dimensions’
actual coverage is better than this result. SSRN preprints published after 2014 have valid DOls,

and all these DOIs were successfully located in Dimensions, even the preprints written in non-
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English languages. Whilst preprints published before 2014 only have SSRN abstract numbers
rather than DOIs. Therefore, we changed the matching method to search for titles and author
names and found that 25 documents failed to reveal a relevant result in Dimensions.
Searching titles and authors' names are less accurate than the DOls. Besides, Dimensions
reported search errors when titles involved unidentified punctuation marks, such as question
marks. Dimensions might have covered the missing preprints, but we failed to locate them in
this test due to punctuation marks or typing mistakes. As a result, the actual coverage of

Dimensions from SSRN might be better than that of this sample test.

To conclude, Dimensions has an outstanding number of preprint records and a favourable
linkage feature that suits our research objective. Our experimental matching test verified that
the preprint coverage in Dimensions is satisfactory. Consequently, we will use Dimensions’

preprint data in our case study.

7.2.3 Measurement data in S3

After research knowledge has been published, the stage of the first wave of knowledge
dissemination (S3) starts. At this stage, key stakeholders will view and download publications,
and measurement indicators could include the number of downloads of the research output,

abstract views, full-text views, clicks, and more, as discussed in Section 6.3.1.

Several aggregate databases, such as ScienceDirect, provide their own counting of download
times of the publications (Yom, 2023). The limitation of download times in ScienceDirect is
that they only cover publications under its database, most of which are published by Elsevier.
PlumX has metrics on full-text and abstract views, but their coverage is limited. There used to
have views data from EBSCO, the largest information services provider to libraries of many
countries, but the latest information showed that PlumX has stopped cooperating with EBSCO.
We tested a small sample with 100 articles in PlumX, and only seven articles have usage data,

which is 7% coverage based on this test. Apparently, PlumX has no satisfied views data.
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The Scopus database provides a “views count” of each publication from 2021 as an article
metric (Gibson, 2021, November 8). According to Scopus websites, the Views Count metric is
aligned with its counterpart in SciVal and is updated every two weeks. It shows the number
of views/visits a document has received in the current year, alongside the count for the
previous year and the last 10 years. This is equivalent to saying that the metric is counted
from 2022 onwards, which cannot be applied to articles published before 2022. Consequently,
Scopus’ views count is not applicable if we target evaluating publications published before

2022.

Another point of view is to track the download count from major publishers. For example,
Springer provides download count as “article accesses”, which include the number of times
full-text or PDF versions are accessed directly from the journal website or SpringerLink. This
includes actions such as viewing HTML, Lookinside, PDF, or Epub files (Pinkowitz, 2012).
Elsevier, however, does not display download counts on its ScienceDirect platform, although
authors can view the download statistics of their own papers via the Mendeley platform,
owned by Elsevier (Schlogl et al., 2014). Elsevier addressed that recording the views of
publications has privacy issues that cannot be opened to the public as a public resource (Moed
and Halevi, 2016). Therefore, public access to download data for other authors’ papers

remains unavailable.

After extensive research and analysis, it has become evident that a comprehensive
bibliographic database capable of providing view or download metrics for publications
remains unavailable. While some publishers offer robust data on views and downloads, these
metrics are limited exclusively to their published articles. Although Scopus has recently
introduced view metrics, the statistics started in 2021, resulting in an absence of historical
data from prior years. Besides, such metrics are confined to content indexed within the
Scopus database. Consequently, it can be concluded that the necessary data for S3 is not

currently accessible for use in our case study.
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7.2.4 Measurement data in S4

In the stage of knowledge understanding and extensive dissemination (S4), many indicators
can be found to reflect this stage, especially altmetrics. For instance, we could collect the
number of times the research output is saved to reference management software, the
number of times the research output is discussed on various media or social networks, and

more.

Altmetrics are available from several altmetric data providers. In Chapter 4, we studied and
investigated the altmetric data quality and database in depth, and we drew conclusions on
how to use altmetric data within different platforms. Therefore, we will collect the relevant

data for our case study according to the findings in Chapter 4.

7.2.5 Measurement data in S5

In the knowledge transformation and regeneration stage (S5), new forms of output containing
the understood research knowledge were conducted. Evidence data at this stage reflects the
explicit impact of the research. Various forms of citations are the most appropriate evidence
data at this stage, such as publication citations, patent citations, policy document citations,
and clinical trial citations. There are other forms of new output that contain the understood
research knowledge, such as new designs in a project or new inventions in a product. However,
such data is very challenging to obtain. Below, we will discuss the best database suitable for

collecting different forms of available citation data.

7.2.5.1 Publication citations

The most widely used publication citation databases in bibliometric analysis include the Web
of Science, Scopus, Dimensions, Crossref, Google Scholar, and Microsoft Academic. Numerous
studies have carried out large-scale comparisons among these citation databases. Therefore,
we will summarize the current literature's comparison results to aid in choosing and using
these databases. We will also study each database's citation mechanism to validate the

reliability of the data.
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(1) Web of Science

The Web of Science Core Collection database is a selective citation index of scholarly
publications involving journals, books, conference proceedings, and data compilations. The
selectivity of indexing coverage that focuses on significant international journals was decided
by its creator, Eugene Garfield (1925-2017), who wrote it in Garfield’s Law of Concentration
(Garfield, 1971; Garfield, 1972). Web of Science (WoS) database is formed by two parts: Web
of Science Core Collection and Web of Science Platform. The WoS Platform citation indexing
uses WoS core collection as the standard data set. If a journal gets indexed by its core
collection database, all articles in that journal are covered in the WoS Platform (Clarivate,

2023, August 10).

Some scholars argue that the Web of Science has a lower coverage of journals in many
disciplines and only includes a few journals from non-English-speaking countries (Basson et
al.,, 2022). However, the Web of Science safeguards the quality and reliability of citation
indicators through a rigorous selection process on its core collection database. As most
literature agrees, the Web of Science is the most selective and authoritative citation database

for use today (Birkle et al., 2020; Schnell, 2017; Singh et al., 2021; Visser et al., 2021).

(2) Scopus

Scopus, owned by Elsevier, is a comprehensive abstract and citation database covering
various scholarly contents. Scopus's indexing coverage is decided by a Content Selection and
Advisory Board (CSAB), which also involves continuous re-evaluations (Singh et al., 2021).
Scopus employs sophisticated indexing algorithms to ensure accuracy and consistency in
citation data. To uphold its status as a top-tier data provider and advance quality standards,
Scopus implemented internal review procedures to consistently oversee specific areas of
quality emphasis, including processing efficiency, profile integrity, and the thoroughness and
precision of source data. These measures enable the content team to detect emerging data
patterns promptly and track advancements in critical endeavours to enhance quality (Baas et

al., 2020).
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Visser et al. (2021) produced a large-scale comparison of bibliographic data sources, using
Scopus as the baseline to compare document coverage, completeness, and accuracy of
citation links with other four major databases including Web of Science, Dimensions, Crossref
and Microsoft Academic. The conclusion is Scopus and WoS have certain documents that are
not covered, respectively, and nearly all journal articles indexed in WoS are also indexed in

Scopus.

(3) Dimensions

Orduiia-Malea and Delgado-Lopez-Cdozar (2018) analyzed Dimensions' coverage and found its
annual growth of scientific literature exceeds that of Scopus and Web of Science Core
Collection, though it slightly lags behind Google Scholar. Citation counts in Dimensions are
slightly lower than Scopus, but strong correlations exist between the two at the author,
document, and journal levels. Basson et al. (2022) highlight Dimensions as an emerging
platform that combines the advanced functionalities of traditional bibliographic databases

(e.g., metrics, search filters, sorting) with the strengths of Google Scholar (e.g., broad

(4) Microsoft Academic and OpenAlex

Microsoft Academic is also one of the primary citation databases mentioned in several works
of literature. Established in February 2016, it is a free public web search engine for academic
publications and scientific documents. According to Thelwall (2018d), Microsoft Academic
utilized semantic search capabilities and was powered by Microsoft's artificial intelligence
technology, allowing it to understand the intent behind search queries and the relationships
between topics, resulting in more relevant search results than traditional keyword-based
searches. Microsoft Academic has good coverage of scholarly content, as it is studied by Visser
et al. (2021) through large-scale data analysis, and the conclusion is that Microsoft Academic
has the most inclusive coverage of the scientific literature among WoS, Scopus, Dimensions,

and Crossref.

The sad news is that Microsoft shut down its Microsoft Academic websites and APIs in 2022

(Chawla, 2022). OpenAlex, another comprehensive database providing rich information on
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scholarly publications and authors, announced that it would be an alternative to Microsoft

Academic as it merged all of Microsoft Academic’s metadata.

OpenAlex aims to provide researchers with easy and free access to the search for scholarly
work, empowering them to delve into the intricacies of patterns, trends, and interconnections
within academia (Priem, Piwowar & Orr, 2022). It contains metadata about scholarly
literature, including authors, titles, institutional affiliations, citations, concepts, and funders.
According to its official website?®, OpenAlex beta launched in January 2022. The data is
accessible through both an APl and a complete database snapshot, with the beta version of
the web application for data exploration and search functionality being introduced in October
2023. Jason Priem, the co-founder of the OurResearch team that runs OpenAlex, presents
that the database collects data from multiple sources, including Microsoft Academic’s existing
records, academic publishers, arXiv, ORCID, CrossRef, and institutional repositories (Priem,
Piwowar & Orr, 2022). It also integrated data from PubMed and PubMed Central. By
combining data from diverse sources, OpenAlex ensures comprehensive coverage of scholarly
publications across different disciplines. A recent large-scale study comparing OpenAlex with
subscription databases, including Web of Science and Scopus, revealed that OpenAlex
demonstrates similar average source reference numbers and internal coverage to both Web

of Science and Scopus (Culbert et al., 2024).

OpenAlex has the potential to be used widely in the scientific community due to its openness
and ease of use. However, the quality of its citation data requires further study. This database
is still being developed, and research on its data completeness is limited. We do not currently
choose this database because there are other stable and reliable databases to choose from,
such as WoS, Scopus, and Dimensions. However, OpenAlex is a very promising indexing

database that will be useful in the near future.

26 https://help.openalex.org/about-us
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(5) Google scholar

Google Scholar’s citation count algorithm attempts to provide a comprehensive view of the
impact of scholarly work. Google Scholar employs an inclusive and automated approach,
indexing virtually any academic document its crawlers discover and can access online, even
those restricted behind paywalls through arrangements with publishers (Martin-Martin et al.,
2021). This approach results in a broader range of scholarly content included in its citation
database. However, Google Scholar’s citations may not always be accurate or up-to-date, as
they rely on automated indexing and sometimes include non-scholarly sources and self-

citations (Harzing & van der Wal, 2008).

Google Scholar lacks restrictive standards on cited documents, which may cause some non-
scholarly content to be included in its citation count. Consequently, its citation data cannot
significantly represent academic impact but is mixed with other aspects of impact. Therefore,

we do not intend to use Google Scholar’s citation data in the current case study.

To sum up, as each database has its own advantages and disadvantages, we decided to use

WoS to collect publication citations to ensure the recognition and reliability of the data.

7.2.5.2 Patent citations

(1) Worldwide patent offices and databases

The discussion of patent citation databases shall start from the worldwide patent offices. Each
country typically has its own patent office responsible for granting patents within its authority.
The “Big Five” patent offices, also known as the “IP5” offices, are the most prominent in the
world in terms of the number of patent applications they receive and grant, which include US
Patent and Trademark Office (USPTO), European Patent Office (EPO), Japan Patent Office
(JPO), Korean Intellectual Property Office (KIPO) and National Intellectual Property

Administration in China (CNIPA) (Lee et al., 2021).

Most Patent offices have their own patent databases. For instance, PatentScope is WIPQO's
online database, offering access to over 4 million international Patent Cooperation Treaty
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(PCT) applications and patent documents around the world (WIPO, 2024). Espacenet is a free
patent search tool provided by the European Patent Office. It offers access to millions of
patent documents worldwide, including those from the EPO and other patent offices
(Espacenet, 2024). Furthermore, the USPTO database provides access to patents issued in the
United States, including full-text documents and images, and the JPO database provides
access to patents granted in Japan (Lee et al., 2021). The limitation of the above patent

databases is their regional coverage.

(2) Comprehensive database for patents

Access to a comprehensive database is easy for users when searching for patent information.
In our case study, a patent database that is as complete as possible to cover all patent offices
is crucial. After deep investigations, the leading databases for comprehensive patent
information are summarised in Table 7.5, along with the number of patent records and data
coverage. The detailed analysis of each database and discussions on whether it suits our case

study are drawn below.

Table 7.5 Leading database for comprehensive patent data

NO. Database name Patent amount Coverage

1  Google Patents

Over 120 million patent
publications as of 2024

Provides access to patent
information from over 100 patent
offices around the world.

2 The Lens

Over 153 million global
patent records

Encompasses over 95 jurisdictions
of global patent documents. It also
excels in integrating patent data
with scholarly publications.

3 Dimensions

over 140 million patents

Covering patent data from over
100 patent offices worldwide

4 Derwent Patents
Citation Index™
(DPCI)

162 million backward
citations, 182 million
forward citations and 39
million literature citations

Covers patent-issuing authorities
from 32 countries.

5 MAtrixware
REsearch Collection
(MAREC).

19 million patent
applications and granted
patents

Covers major patent office in the
world such as EPO, USPTO, JPO.
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Google Patents is a widely used free-access platform for searching and analysing patent data.
It offers patent keyword search, full-text patent documents, and patent family information?’.
The database contains more than 120 million patent publications from over 100 patent offices
globally, along with various technical documents and books indexed in Google Scholar and
Google Books?8. Google Patents is an excellent starting point for patent searches due to its
broadness and user-friendly interface. However, it lacks index patent citations or
comprehensive analytical tools to help with in-depth bibliometric analysis (Kousha & Thelwall,
2017). Although Google Patents embed Google Scholar for technical document search, which
makes prior art searching easier and enhances the features of patent information search, it
does not separate its cited scholarly work from patent documents (Krabbe, Sampson and
Wetherbee, 2017). It is disappointing that Google Scholar and Google Patents could not match

the links between research work and patent citations.

As Google Patents does not support automatic APl searches, Kousha and Thelwall (2017)
introduced a semi-automatic indirect method via Bing searches to extract and filter patent
citations from Google. They collected data by applying research papers’ titles and first author
surnames to crawl from the Google Patents websites. Furthermore, Younes and Rassenfosse
(2024) applied BigQuery language to source the raw data from the Google Patents Public Data
to construct their replicable patent indicators study. Therefore, using the Google Patents
database is theoretically feasible but requires text-mining techniques and handling data
processing errors. If we cannot accurately match the research papers with cited patents by
text mining in Google Patents’ full-text documents, our data quality still needs to be
guestioned. We found the Lens database a great alternative, which will be introduced in the

following sections.

The Lens database is an open global cyberinfrastructure to make the innovation system more

efficient, fair, transparent, and inclusive (About the Lens, 2024). It is free to use, provides

27 https://support.google.com/fags/answer/7049475?hl=zh-
Hans&ref_topic=6390989&sjid=6893726050779330086-EU
28 https://support.google.com/fags/answer/7049585#
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patent information and citation analysis, and links patents to scholarly research. The Lens
enables users to share, annotate, and embed document collections, aggregations, and
analyses, creating an open map of knowledge-driven innovation. This approach aims to
rejuvenate the patent system's function as an educational resource, inspiring and informing

entrepreneurs, citizens, and policymakers (Krabbe et al., 2017).

According to the Len’s official websites, after over 20 years of development, the Lens has
evolved into a comprehensive database with over 268 million scholarly works, 153 million
global patent records, and more than 489 million biological sequences, all with
unprecedentedly rich metadata (About the Lens, 2024). It encompasses over 95 jurisdictions
of global patent documents, such as European Patent Office's (EPO) DocDB bibliographic
records from 1907, USPTO Applications since 2001, USPTO Grants since 1976, USPTO
Assignments, European Patent Office (EPO) Grants from 1980, WIPO PCT Applications from
1978, and the full text of Australian patents from IP Australia (Saheb & Saheb, 2020).
Furthermore, Lens’ scholarly datasets integrate with Microsoft Academic, CrossRef, PubMed
and OpenAlex and support the search of over 272 million scholarly works (About the Lens,

2024).

Apart from the outstanding coverage of patents and scholarly works stated above, the great
advantage of the Lens database is its integration of both scholarly and patent literature. It
allows researchers not only to explore patents or academic records but also to easily assess
the impact of scholarly works on patents. Many studies in the literature used the lens data
for patent analysis (Firdaus et al., 2024; Penfold, 2020; Saheb & Saheb, 2020; Sarjidan et al.,
2023), which proves its suitability and popularity in academics and research. We will apply a

data sample to verify the data quality of Lens in the next section.

Another database that integrates scholarly publications and patent citation data is
Dimensions. Dimensions is committed to providing a wide range of data throughout the

research process, so they also attach great importance to patent citation data. We reviewed
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this database in Section 3.5.2 as an altmetrics provider; here, we focus on the quality of its
patent data. Dimensions’ patent data is collected and provided by IFI Claims, a patent service
company. IFI Claims was fully acquired by Digital Science in 2021. According to Dimensions
(2022, October 28), the data source from IFI Claims includes bibliographic data from DOCDB
(the European Patent Office’s master documentation database covering patent data from
over 100 countries), Legal status from INPADOC (an event database produced by the
European Patent Office and covering over 50 international patent authorities), and
bibliographic and full-text data from majority national patent offices in the world. By enlarging
patent data in the life sciences and chemistry category, Dimensions has extended its patent
data to over 140 million documents from over 100 patent offices worldwide (Dimensions,
2022 May 11). We will also apply sample data to verify the patent data quality in Dimensions

in the next section.

Furthermore, the Derwent Patents Citation Index™ (DPCI), developed by Clarivate, also
provides comprehensive patent citation information with cited scholarly work (Clarivate,
2024). DPCl is a subscribed database that offers both backward and forward citations of
patents. Backward citations refer to prior patents and literature that a given patent cites,
while forward citations are subsequent patents that cite the given patent. As stated on its
website, DPCl has 162 million backward citations, 182 million forward citations and 39 million
literature citations. Although DPCl’s database is enlarging, currently, it only covers patent-

issuing authorities from 32 countries (Clarivate, 2024).

Since DPCI and WoS are the same company, we have searched for connections between the
two databases. The WoS does not directly index patents in its citation databases, so we
cannot search the document’s relevant patent citations from the research paper side.
However, if we have a patent number available, WoS allows searches for citations to patent
documents using the “Cited Reference” search feature (Clarivate, 2022, May 25). It works by
entering the patent number in the Cited Title field. We used a few patent numbers that had

been randomly selected and tried over WoS, and the results showed poor patent information
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presentation. Considering that the data coverage of DPCl is limited and there is no way to
access scholarly work’s patent citations from the WoS side, we will not consider using DPCI or

WoS for patent data gathering.

Lastly, the MAtrixware REsearch Collection (MAREC) is another standardised patent data in
XML format to flavour the purposes of research. It consisted of around 19 million patent
applications and granted patents in English, German and French for a period of 32 years
(1976-2007) (Chakraborty et al., 2020). The dataset covers specific countries and major patent
offices, such as the USPTO (United States Patent and Trademark Office), EPO (European
Patent Office), JPO (Japan Patent Office), and others. If we want to use this database, text
processing will be needed to match patent and cited research work, as MAREC’s data are
stored in a unified file in XML format. Another issue is that not all records of cited articles in
patents provide DOls. If not using DOI matching, an alternative method could be using author
and title for matching, but this will easily cause errors and be time-consuming. Therefore, we
will not choose MAREC’s patent data in our case study.

(3) Sample test for Lens and Dimensions

The last section's discussions showed that Lens and Dimensions are the most promising
patent databases, with extensive coverage and high quality. Therefore, we applied a data
sample to test their database for further verification. We randomly selected 1000 articles
from the WoS database, collected their DOIs, and then downloaded associated patent citation
data from Lens.org and Dimensions.ai, respectively. These 1000 articles can be found in both

databases, so our comparison focuses on patent number records.

The sample test results (see Table 7.6 & 7.7) showed that the patent counts in Lens are higher

than in Dimensions, and data between the two databases are significantly correlated. Clearly,

Lens has the best patent citation records. Therefore, we will collect patent data from the lens.
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Table 7.6 Descriptive statistics of patent citations for Lens and Dimensions

Lens Patent Citations Dimensions Patent Citations
Mean 243 1.68
N 1000 1000
Std. Deviation 6.409 5.119

Table 7.7 Correlations of patent citations for Lens and Dimensions

Lens Patent Citations  Dimensions Patent Citations

Spearman's rho  Lens Patent Correlation Coefficient 1.000 .863"
Citations Sig. (2-tailed) . .000
N 1000 1000
Dimensions Correlation Coefficient ~ .863™ 1.000
Patent Citations Sig. (2-tailed) .000
N 1000 1000

**_Correlation is significant at the 0.01 level (2-tailed).

7.2.5.3 Clinical trial citations

Clinical trials are research investigations in which people volunteer to test new treatments,
interventions, or tests as a means to prevent, detect, treat, or manage various diseases or
medical conditions (World Health Organization, 2024). Typical investigations include
examining how people respond to a new intervention and what side effects might occur. In
short, clinical trials are a type of research that studies new tests and treatments and evaluates

their effects on human health outcomes.

Clinical trial citations provide evidence for the efficacy and safety of medical treatments and
interventions, which is fundamental for evidence-based medicine (Subbiah, 2023). Van Eck et
al. (2013) alleged that the citation impact of clinical intervention research may be significantly
underestimated when compared to basic and diagnostic research. It is believed that citation
analysis is an effective tool for research performance assessment in the medical sciences,
while clinical research citations may have more impact than popular bibliometric indicators
in medical sciences studies. The gradually emerging clinical trial data in recent years may

provide more opportunities to study the impact of basic medicine on clinical outcomes.
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Based on our research, the following databases are highly regarded in terms of the breadth

and depth of clinical trial citations:

1.

PubMed is one of the most comprehensive biomedical literature databases,
maintained by the National Centre for Biotechnology Information (NCBI). It indexes
millions of citations from biomedical and life sciences journals, including many clinical
trials. It is freely accessible and provides links to full-text content when available.
ClinicalTrials.gov is a comprehensive registry and results database of publicly and
privately supported clinical studies conducted worldwide. It is managed by the U.S.
National Library of Medicine (NLM) at the National Institutes of Health (NIH) and
provides detailed information about clinical trial design, sponsors, locations, and
outcomes.

Embase is produced by Elsevier and is known for its extensive coverage of biomedical
literature, including many clinical trials not indexed in PubMed. It covers over 8,500
journals and includes comprehensive indexing of drug and medical device studies. This
database requires subscriptions to access.

Scopus covers a wide range of scientific disciplines, including clinical trials. The clinical
trial citation data is available in PlumX and is embedded in Scopus’ metrics.
Dimensions aggregates data from various registries and sources, providing extensive
coverage of clinical trials worldwide. One advancing feature of Dimensions is its data
linkage with publications. Clinical trial records in Dimensions are linked to related
publications, making it easy to trace the progression between published articles and

trial registration.

PubMed is the most commonly used abstract and reference database for life science and

biomedical disciplines. Scopus and Dimensions both claim to have integrated PubMed data

and support literature searches by PubMed identifiers. Although ClinicalTrials.gov is the

world’s largest clinical trial registry, it does not index the cited or referenced publications for

registered clinical trials (Huser & Cimino, 2013). Dimensions has clearly stated its clinical trial

data coverage on its official websites. Dimensions collects data from international clinical trial
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registries globally, including ClinicalTrials.gov (United States), EU-CTR (EU), CHICTR (China),
ANZCTR (Australia/New Zealand), and more (Dimensions, 2023 December 5). Embase is not
easy to access due to subscriptions. Therefore, we will focus on Scopus and Dimensions for

clinical trial citation data.

To further compare the records of clinical trial citations in Dimensions and Scopus (data
provided by PlumX), we carried a data sample test with 1000 highly cited medical papers
published in 2013 — 2014. These 1000 papers come from more than 15 different journals in
the medical discipline. We initially used the Dimensions filter to select the papers, so all the
papers have Dimensions data. 17.2% (172 out of 1000) of papers were not found in Scopus,
and therefore, we cannot extract missing papers’ PlumX metrics through Scopus. Table 7.8

presents the basic statistics of the sample test.

Obviously, Dimensions’ clinical trial citation count is higher than PlumX's, and we noticed that
Dimensions' data mean is more than twice that of PlumX. Because the data sample is not
normally distributed, a non-parametric correlation analysis using Spearman’s rank method
was carried out. The correlation result shows that the two databases’ clinical trial citation
data were not significantly correlated. Our sample data test result showed that Dimensions’
clinical trial citation data is far better than PlumX. Therefore, we will use Dimensions’ clinical

trial citation data.

Table 7.8 Descriptive statistics of clinical citations for Dimensions and PlumX

N Minimum  Maximum Mean Std. Deviation
Dl.mer.15|o.ns clinical 1000 1 10 4.96 2.222
trial citations
PlumX’s clinical trial 328 0 15 2.19 2.975

citations

Furthermore, PlumX used to have good clinical trial citation data when we primarily
investigated at an earlier time. However, our latest data sample comparison shows that its
coverage declined. It is noticed that from November 1, 2020, PlumX has discontinued

comprising metrics from EBSCO, a leading global provider of resources for libraries, so PlumX
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stops receiving EBSCO Usage and Capture data, as well as clinical citations from DynaMed Plus
Topics (Faulkner, 2020 September 3). As a result, PlumX’s data sources for clinical trial
citations only include PubMed Clinical Guidelines and NICE Clinical Guidelines currently, and
the latter is the data from the UK’s National Institute for Health and Clinical Excellence (Plum

Analytics, 2021 October 13).

Such changes also remind us that the emerging databases are somewhat unstable and may
be restricted by the coverage of data sources at any time, affecting the quality of the data
they provide. Besides, clinical trial data are mainly from medicine and life science studies,

which are not suitable for the comprehensive impact comparison among different disciplines.

7.2.5.4 Policy document citations

Scholars attempted to determine whether policy document citations could be used as an
indicator to assess the potential longer-term impacts of research, but there is no consistent
conclusion (Newson et al., 2018; Willis et al., 2017; Yu et al., 2023). When research outcomes
are mentioned in policy documents, it indicates a meaningful effect of research beyond the
academic domain, particularly at the societal level (Bornmann, Haunschild & Marx, 2016).
Policy document citation is a part of evidential data within our cause-effect chain of the

research impact to trace the integrated and long-term impact of research.

The availability of policy document citations started from being one form of altmetric data
source. As we reviewed in Section 3.5.3, early data providers of policy document citation
include Altmetric.com and PlumX. Then Dimensions, which appeared in 2018, also covers
policy document citation as one indexing source. Overton is a new altmetric database
specialising in policy documents, launched in 2019 and proliferating fast. Overton claims to
be the world’s most extensive searchable index of policy documents, parliamentary
transcripts, government guidance, and think tank working papers (Szomszor & Adie, 2022).
As of June 2024, Overton covers over 13 million political documents from 43,542

organisations in 2,274 policy sources (Overton, 2024).
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Previous experimental studies verified that Overton has a higher coverage of policy document
mentions than the Altmetric.com database (Maleki & Holmberg, 2022; Szomszor & Adie,
2022). The Overton has also become a data provider to other platforms. For instance, Sage
Policy Profiles is a web-based tool launched by Sage Publishing in 2023, aiming to
demonstrate their publications’ influence on policy. Their policy document data and citation
index were provided by Overton (Chawla, 2023 December 19). Besides, it is noticed that
PlumX has started using the Overton data for its policy citation metric since 2021. They believe
navigating a global scale of policy documents is challenging, while Overton is doing an
excellent job of focusing on policy document collection (Faulkner, 2021 October 13). Hence,

the policy document citation in PlumX is Overton's mirror data.

Comparing the three databases, Altmetric.com, Dimensions, and Overton, for their policy
citation records is of interest. However, a large-scale data analysis shall be left for future
research due to time limitations, and here, we only carry a small data sample comparison to

ensure the applicability of our case study.

We randomly selected 1000 articles in the Energy and Fuels category (within Chemistry
category group) to form a data sample. Then, we collected policy citation data for the sample
articles from three databases: Dimensions, Altmetric.com, and Overton, respectively.
Dimensions collected 29 data (out of 1000), accounting for 2.9% of coverage under this data
set. Altmetric.com collected 37 data, which accounts for 3.7% of the data coverage, and
Overton collected 116, which accounts for 11.6% of data coverage in this data sample. The
mean value between Dimensions, Altmetric.com and Overton is 2.03, 1.22 and 4.14,
respectively (see Table 7.9). The correlation analysis in Table 7.10 showed that the three
databases’ policy citation data are moderated correlated. Altmetric.com and Dimensions

have a higher correlation with a correlation coefficient of 0.661.

The above data sample extraction and comparison clearly showed that Overton’s policy

citation data has much wider coverage than Dimensions and Altmetric.com. The data values

174



Chapter 7. A case study of comprehensive impact evaluation for research publications

in Overton are twice or three times higher than those in Dimensions and Altmetric.com,
representing the policy citations collected by Overton, which cover more sources. Therefore,

Overton is the most suitable database for collecting policy citation data for our case study.

Table 7.9 Descriptive statistics of policy citations for Dimensions, Altmetric and Overton

Dimensions’ Altmetric’s policy Overton’s policy
policy citations citations citations

Mean 2.03 1.22 4.14

N 29 37 116

Std. Deviation  1.523 479 5.607

Table 7.10 Correlations of policy citations for Dimensions, Altmetric and Overton

Dimensions’ Altmetric’s policy Overton’s policy
policy citations  citations citations
Spearman's Dimensions’ Coefficient 1.000 661" .390"
rho policy citations  Sig. (2-tailed) : .000 .044
N 29 29 27
Altmetric’s policy Coefficient 661" 1.000 423"
citations Sig. (2-tailed) .000 ) 011
N 29 37 35
Overton’s policy  Coefficient .390° 4237 1.000
citations Sig. (2-tailed) .044 011
N 27 35 116

**_ Correlation is significant at the 0.01 level (2-tailed).
*_ Correlation is significant at the 0.05 level (2-tailed).

Additionally, since PlumX uses Overton’s policy data as data sources, PlumX’s policy citation
could be an alternative for Overton when the latter does not support free download. It is
worth to verify the consistency between Overton and PlumX. Therefore, we also collected
policy citation data from PlumX for the above data sample. The consistency approach used in
Chapter 4 has been carried out, and we found that PlumX and Overton have only 85%
consistency on Policy document citation. A few data in PlumX are missing or have less value
count than Overton, and we noticed the less counted value is more like the newest citation.

It indicated that PlumX’s policy citation is delayed in time as mirror data. The updated
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conclusion is that we will use Overton as a priority, and PlumX could be an alternative to

Overton with awareness of minor data missing caused by time delay.

7.3 Data Collection

Based on the detailed analysis and validation results of relevant databases in the previous
section (Section 7.2), we decided to download data reflecting different stages of impact
generation from the following databases: (a) Dimensions, (b) Altmetric, (c) Web of Science,
(d) Lens.org, and (e) Overton. The database corresponding to the specific data is shown in

Table 7.11.

Next, we need to determine the publications that would be evaluated for this case study.
According to the WoS category list, we chose five category groups as observing research areas,
which are (1) Biology and biochemistry, (2) Chemistry, (3) Clinical Medicine, (4)
Environment/Ecology, and (5) Engineering. Each category group contains five single
categories randomly selected within the group according to the WoS category list.
Consequently, we have 25 chosen categories under the five research areas. All journal papers
published in 2013 within these 25 categories were collected. The total number of publications

is 306,401.

It should be noted that we originally planned to download journal papers published in 2013
and 2014 in eight category groups. In the actual download process, since the corresponding
evidence data needed to be downloaded from five databases respectively and some
databases did not support bulk data downloads, we could only crawl data from websites or
download through APl with a limited flow rate. Completing all planned data downloads was
time-consuming and would take more than a year, according to the current speed. Therefore,
the observing category groups were reduced to five. The reduction would not affect the

evaluation results of current research areas.

In the data download process, we first extract research papers’ basic information and

citations from the Web of Science. As we obtained all targeting papers’ basic information and
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their WoS citations, we can use the DOI of each paper to download the rest of the data from

the other four databases, including Dimensions, Altmetric, Lens.org, and Overton. Raw

datasets contained lots of information, and we only extracted the relevant data as desired.

Table 7.11 summarises the final data used after data cleaning. For altmetric data, we have a

total of 17 data sources collected. Since some altmetrics have a low volume of coverage in

the data, we aggregated one indicator, “other altmetrics”, by combining the altmetrics below

1% volume in our dataset. Therefore, apart from the altmetric data indicators presented in

Table 7.11, “other altmetrics” contains the sum of mentions on Reddit, YouTube video,

Google+, F1000, Peer review forums, QnA, Weibo, Pinterest, Linkelin and book reviews.

Table 7.11 Data used in the evaluation of impact of research publications

No. Data Denotation Collected from

1 Supporting grants Number of grants supported to the publication Dimensions

2 Preprints Number of preprints linked to the publication Dimensions

3 Mendeley readers Number of readers for the publication in Altmetric
Mendeley

4 CitULike readers Number of readers for the publication in Altmetric
CiteULike

5 X (Twitter) mentions Number of tweets Altmetric

6 Facebook mentions Number of posts on public Facebook Pages Altmetric

7 News mentions Number of news mentioned Altmetric

8 Blogs Number of blogs mentioned Altmetric

9 Wikipedia Number of mentions in Wikipedia Altmetric

10  Other altmetrics Total mentions of all the other altmetrics Altmetric

11  Publication citations Number of citations of publications Web of Science

12  Patent citations Number of citations of patents Lens.org

13 Policy document Number of citations of policy documents Overton

citations
14  Clinical trial citations Number of citations of clinical trials Dimensions

The dataset contains many zero values as not every research paper has data in different

stages of the impact generation process. To detect if any paper has no data, even a citation
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number, all indicators are temporarily summed to detect zero-sum values. Research papers
with zero-sum values for all indicators were eliminated. The final cleaned dataset has 296,586

publications.

7.4 Methods on impact evaluation modelling

The knowledge impact generation process of one’s research (as demonstrated in Figure 6.7)
can be modelled by a causal network structure. Each stage of the impact generation cannot
be measured directly but can only be reflected through the observed data of the
corresponding stage. The Structural Equation Modeling (SEM) is an advanced statistical
approach that allows researchers to examine and model the relationships between observed
and unobserved variables (Byrne, 2016). It integrates concepts from confirmatory factor
analysis, which uncovers underlying factors from observed data, path analysis and multiple
regression analysis, and evaluates how one set of variables influences another. The
relationships between the variables in SEM could be correlational or bidirectional, isolated or
conditionally independent, causal or unidirectional (Madhanagopal and Amrhein, 2019). SEM

is adaptive to model relationships in our proposed evidence-chain-based methodology.

IBM SPSS Amos (Analysis of Moment Structures) is a user-friendly software for visual
structural equation modelling. With Amos, we can easily create, view, and adjust models
graphically using intuitive tools. Then, Amos could translate drawings into a programming

interface and perform the necessary calculations (Collier, 2020).

7.4.1 Model establishment

Below, we will use the SEM method to build our models with Amos. The structural
relationships of models were established from the conceptual model (demonstrated in Figure
6.7) for the research impact generation process in Chapter 6. Each of our SEM models
contains the hypothesised effect of different stages of the impact generation process on the
comprehensive research impact of publications. Each stage of the impact generation process,
as identified in Section 6.2, has a logical causal relationship in time. Therefore, we have five

hypothesised relationships:
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H1. The stage of knowledge generation (S1) has a direct effect on the stage of
knowledge publishing (S2).

H2. The stage of knowledge publishing (S2) has a direct effect on the stage of
knowledge understanding and extensive dissemination (S4).

H3. The stage of knowledge understanding and extensive dissemination (S4)
contributes effects to the impact of research papers (Impact).

H4. The stage of knowledge publishing (S2) contributes effects to the impact of
research papers (Impact).

H5. The stage of knowledge generation (S1) contributes effects to the impact of

research papers (Impact).

We must stress that the ideal conceptual model requires much data to build. In reality, we
have limited data for modelling, for instance, the stage of the first wave of research
knowledge dissemination (S3) is unavailable in the current model due to the lack of reliable
download data. As such, the parameters of our models may have large uncertainty. Our
indicators are carefully selected from available and reliable databases to ensure data quality,
as discussed in Section 7.2. When more data sources become available and reliable, the
uncertainty in parameter estimation can be reduced. Based on the existing data, we built a

hypothesised structural equation model, as shown in Figure 7.1.

The model in Figure 7.1 contains two parts: the measurement model and the structural model.
In SEM, the measurement model labels the connections between the latent variables and
their manifest indicators, and the structural model describes the possible causal relationships
between the latent variables (Byrne, 2016). The expression of latent variables and their

indicators is explained below.
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Figure 7.1 The hypothetical model for the impact of research papers

We have four measurement sub-models (also see Figure 7.2). Each sub-model was
established according to the currently available and accessible data, with a relationship based
on the conceptual model in Chapter 6. The impact of research papers and the different stages
of the impact generation process cannot be directly observed, so they are the latent variables,
as shown as ellipses in the graph model. The knowledge generation stage is named S1. The
supporting grants are the available evidence data we can collect at this stage, so it is the
manifest indicator for S1. Similarly, the knowledge publishing stage is S2, and its indicator is
preprint data. Although published research papers are the result of S2 in our conceptual
model, the published papers are not a meaningful indicator because all documents in this
data are published. The stage of knowledge understanding and extensive dissemination is
named S4 in the model, and its indicators are available altmetric data. Our data sample
contains 17 altmetric data sources. Data sources with a volume higher than 5% are used as

indicators for S4, such as Mendeley and Facebook. The other data sources with less than 5%
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of valid data volume, such as Reddit and QnA, are combined into one indicator, named “other
altmetrics”. The dependent variable, the impact of research papers (hereinafter referred to
as “Impact”), has four manifest indicators, including the number of WoS citations, Patent
citations, Policy document citations, and Clinical trial citations. These indicators represent
different dimensions of impact on research outputs, such as academic impact, economic
influence, social impact, and health and well-being impact. All manifest indicators in the
model were carefully selected from available and reliable databases to ensure good data

quality, which has been discussed in detail in Section 7.2.

Since data prediction will not be perfect, models must include error variables (Byrne, 2016),
denoted as el to el8in Figure 7.1. The error terms e15 to e18 also present the residual effects

that affect the dependent variable but are not explicitly included in the model.

In structural models, arrows connect (possible) causal links between variables. Each stage of
the impact generation process, S1, S2, and S4 have a logical relationship in time. At the same
time, S1, S2, and S4 can also contribute to the impact. We denote B and A as the coefficients

in the structural model to ease later analysis, as shown in Figure 7.1.

The graphic model in Figure 7.1 can be translated into the following equations:
Sy = 151+ eyy
Sy = P252 + e
Impact = P3S4 + B4S2 + BsS1 + €15
Supporting_grants = 1,151 + e;

Preprint = 1,15, + e,

Mendeley = 43,5, + e;

CiteULike = 13,5, + e,

X(Twitter) = A33S, + es

Facebook = 13,5, + eg

News = 1355, + e
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Blogs = A3¢S4 + eg
Wikipedia = 13,5, + eq
Other_altmetrics = A3gS, + €4y
WoS_Citations = A4Impact + e,
Patent_Citations = A4y Impact + eq,
Policy_Citations = A4zImpact + eq3

Clinical_trial_citations = AguImpact + ey

7.4.2 Model Identification

Our hypothesised structural equation model contains 4 latent variables and 18 error terms.
Some assumptions for parameters could be made in the measurement model before
estimating the parameters in the structural model. If the path coefficient in the measurement

model is positive, the rationality of the model can be further confirmed (Byrne, 2016).

Firstly, we could start adding constraints in measurement models (as seen in Figure 7.2). It is
common to set regression coefficients to 1 for error variables. In Amos, this is a default
solution unless we have individual needs for regression coefficients of errors (Arbuckle, 2022).
The Amos prompted that 5 additional constraints are likely necessary to achieve identifiability
in our first running attempt. Therefore, we need to add at least 5 constraints. Reducing the
number of parameters to be estimated is also essential to identifying the model (Blunch,
2013). According to Arbuckle (2022), the common way to estimate a parameter is to set a
regression weight for at least one path in the measurement model that point from the
unobserved variable to its manifest indicators. This weight can be arbitrary but is usually set
to 1 as an initial value, which suggests the unobserved variable will have the same scale as
the indicator in question. When an unobserved variable has more than one indicator, fixing
any of them does not affect the estimates of standardised regression coefficients. Therefore,
we set up one indicator with regression coefficients on value 1 as the initial value for each of

the measurement sub-models, as shown in Figure 7.2.
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Figure 7.2 Measurement models for the impact of research papers

There is a need for at least one more constraint to be added to achieve identifiability. Blunch
(2013) suggested that fixing the latent variable's variance at an arbitrary value, such as 1.00,
can also help identify a model. Besides, a parameter can be restricted in three ways: (1) The
parameter can be pre-defined to assume a specific value; (2) Two or more parameters can be
constrained to have the same unspecific value; (3) The parameter can be omitted from the
model, as it is constrained to have a value of 0 (Blunch, 2013). There could be hundreds of
ways to fix a regression weight or variance in a model. The more parameters are constrained,
the easier the model is to achieve identifiability. However, we will lose the degrees of freedom
and model fit if the parameters are over-fixed. A hypothesised model with a low degree of
freedom is unattractive, and the model fit is vital to present adaptability. Here, we will apply
the Akaike information criterion (AIC) as the model performance measure in selecting the

most suitable model.
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The AIC is a statistical measure for evaluating how well a model fits the data. AIC is used to

compare different possible models and determine which one is the best fit for the data. The
formula for AICis AIC = 2k — ZIn(f,) , Where k is the number of estimated parameters in a

model and L is the log-likelihood estimate (Stoica & Selen, 2004). Accorting to Burnham and
Anderson (2004), the AIC penalizes models that use more parameters. This penalty helps
prevent overfitting, which is important since adding more parameters to a model typically
enhances the fit. The best model in the model pool is the one with the lowest AIC value.
Therefore, if a set of models explain the same amount of variation, the one with fewer

parameters will have a lower AIC score and will be the better-fit model.

After a series of attempts at changing parameters, we have found when we constrained the
variance of el and e16 at the same unspecific value and let the Amos find the estimated
variances, the identified structural model had the lowest AIC score. If we fix the variance at a
specific value, such as 1, the AIC score is still higher than the lowest one found. Many attempts
at fixing different regression coefficients or variances were compared. All groups of data were
tested. Therefore, we have obtained the primary parameter settings for our structural model.
The model has been appropriately identified to assess hypotheses. Using the same initial
parameter settings, we can also compare the estimated coefficients across different category

groups.

7.5 Model analysis and discussions

7.5.1 Structural model analysis
We would initially explore the structural model results from all the data that combined five

category groups. The sample size is 296,586.

The first attempt to run the structural model with all data showed an error message. The
variances of error term e12 were negative. The issue might stem from failing to account for
existing correlations among some indicators for the same latent variable (Blunch, 2013).

These correlations typically arise when there are challenges in designing indicators that are
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distinct enough to capture the same concept. One way to solve this issue is by including the
necessary correlations. Alternatively, if two correlated indicators are highly similar, we can
remove one. The indicator of patent citations is vital and, indeed, cannot be removed.
Therefore, it is necessary to add correlations of indicators. The bootstrap is performed to
observe the approximate standard errors for every estimate that Amos computes. The
modification indices suggested by Amos are considered. It must be noted that modification
indices provide many additional connections between variables to improve model fit while
not always being feasible and meaningful, so judgment is needed. Subsequently, we carefully
introduced the additional correlation between indicators after justifying the rationality to the
best of our knowledge. Additionally, since my data sample is relatively large, the iteration
limit has been raised from 50 to 500 to avoid invalid results. Figure 7.3 shows the improved

structural model and key results.

WoS citations
Patent citations
Policy citations

Clinical trial
citations

Figure 7.3 The improved model for the impact of research papers

The goodness of fit index (GFI) in the above structural model is 0.908, and the adjusted

goodness of fit index (AGFI) is 0.859, which is excellent. GFI > 0.90 suggests a satisfactory fit
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(Hair et al., 2010), and AGFI > 0.8 suggest a good fit (Akinyode, 2016). In addition, an
adequate-fitting model is accepted if the Amos computed value of the standardised root
mean square residual (SRMR) is between 0.05 and 0.08 (Hair et al., 2010). In our model, the
standardised RMR is 0.0767, which falls within the acceptable range. Accordingly, the
improved model in Figure 7.3 satisfies the goodness of fit criteria to measure the studying

constructs.

The Amos provides two types of estimates: unstandardised regression coefficients and
standardised regression coefficients. The former refers to the raw coefficients that quantify
the relationship between variables in the model without being transformed or scaled by the
standard deviations of the variables involved. The latter are scaled to have a unit variance
(Arbuckle, 2022). Both regression coefficients reflect the strength and direction of the
relationships between variables, and we can use these values to assess the hypothesised
relationships. It is essential to observe the squared multiple correlations, which are
independent of units of measurement like the standardised estimates. Each dependent
variable has an estimated squared multiple correlation. The regression coefficients (8) of
hypothesised relationships and squared multiple correlations are criteria for evaluating a

structural model (AL-Fadhali, 2024).

Table 7.12 summarises the model‘s standardised regression coefficients (B), critical ratio

(C.R.), p-value (P), and corresponding comments, indicating which hypotheses are supported
or not. The *** in Table 7.12 represents a p-value smaller than the smallest value represented
by the chosen decimal precision, which, in this case, is < 0.001, as reported in the Amos output
(Kline, 2023). The first hypothesised relationship has a positive coefficient of 0.017, a critical
ratio of 4.661 (greater than 1.96), and a p-value less than 0.001. It means that the regression
weight for S1 in predicting S2 is significantly different from zero at the 0.001 level. Hence,
such a hypothesised relationship is accepted. Bear in mind the testing procedures in SEM are
‘reverse’ to the basic philosophy of traditional statistical testing. According to Blunch (2013),

the null hypothesis (Ho) in SEM posits that the model under consideration is valid, whereas
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the alternative hypothesis (H:) suggests otherwise. Therefore, SEM modelling should
commence with meaningful models informed by prior research and well-established
theoretical frameworks, and the process involves comparing models and evaluating their
relative capacity to account for the observed data (Westland, 2015). Similarly, the other
hypothesised relationships in Table 7.2 all have p-values < 0.001 and the conclusion is all

hypothesised relationships are accepted.

Table 7.12 Standardised regression coefficients and significance level

Hypothesised relationship ~ Standardised Estimates Critical Ratio P-value  Comments

S2 <--- S1 .017 4.661 Hkk Accepted
S4 <--- S2 .028 9.717 Hokk Accepted
Impact  <--- S1 .188 48.880 Hokk Accepted
Impact  <--- S2 .026 6.739 ok Accepted
Impact  <--- S4 .652 160.024 ok Accepted

Note(s): ***p < 0.001; S1 = the stage of knowledge generation; S2 = the stage of knowledge
publishing; S4 = the stage of knowledge understanding and extensive dissemination; Impact =
the impact of research papers

In evaluating the route coefficient, the highest coefficient is 0.652 for the path of S4 to Impact.
Hence, the stage of knowledge understanding and extensive dissemination has the most
significant effects on the final impact of research papers. The second largest coefficient is
0.188, which is on the path of S1 to Impact. In other words, the second significant construct
that affects the impact of research papers is the stage of knowledge generation. Following is
the path of S2 to S4, which has a coefficient of 0.028, much greater than the coefficient on
the path of S1 to S2, which is 0.017, proving that there are cumulative effects from an early
stage to a later stage. The path of S2 to Impact has a coefficient of 0.026, indicating that the
stage of knowledge publishing has a low but significant effect on the ultimate impact of

research papers.

Furthermore, the squared multiple correlation of the endogenous latent variable, Impact, is
0.463 in Amos output (see Table 7.13), which means S1, S2, and S4 have accounted for 46.3%
of the variance in the impact of research papers. The estimated squared multiple correlations

on S1is 0.000, on S2 is 0.000, and on S4 is 0.001, which is relatively small. According to Kline
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(2023), a squared multiple correlation value of 0.25 or higher is often considered substantial
in Social Science studies, as effects in this field tend to be more modest due to the complexity
of human behaviour. Values of 0.10 — 0.25 are considered moderate, while values below 0.10
are considered small but not necessarily trivial. Therefore, the squared multiple correlation
value for the impact of research papers signifies that the constructed factors to interpret

impact are convictive. Our structural model has good confirmatory and explanatory power.

Table 7.13 The squared multiple correlations on latent variables

Variable Estimate
S1 .000
S2 .000
sS4 .001
Impact 463

The above results firmly confirmed that all the hypothesised relationships we built in this
chapter (see Section 7.4.1) are accepted. In particular, the stage of knowledge understanding
and extensive dissemination (S4) is the most influential factor in the ultimate impact. Such
results proved the feasibility and significance of the conceptual model on cause-effect and
evidence chains developed in Chapter 6. With sufficient evidence data, we can evaluate the
impact from a new perspective, making the evaluation results more diversified, accurate and

reliable.

7.5.2 Disciplinary differences

Next, the differences in constructs of the impact of research papers between different
category groups were studied. For ease of comparison, each category group's structural
model and initial parameters are consistent with the model of all the data in the previous
section. The iteration limit is 500 remains. The structural model of each category group,
including standardised regression coefficients for the model constructs, was examined.
Specifically, fitness indices were evaluated and found to meet the acceptable thresholds,
indicating the model's alignment with the data and the accuracy of the hypothesised

relationships.
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Table 7.14 summarises the construct coefficients and their p-values to observe the
significance. In the Biology & Biochemistry group, B1 is significant at 0.05 level as p-value
=.022 < .05, and all the other Bs are significant at .001 level since their p-values are less
than .001 shown in the Amos output. In the Chemistry group, all coefficients of Bs are
significant at the .001 level. In the Clinical Medicine group, B1 is significant at the 0.05 level as
p-value = .028 < .05, while B2 and B4 are not significant as their p-values > .05. B3 and Bsare
significant at .001 level in the structural model of Clinical Medicine. For the Environment/
Ecology group, all Bs are significant as their p-values are less than .05 or .001. In the
Engineering group, the p-value of B, is .289 > 0.05; thus, the corresponding path is
insignificant. B3 and Bs are significant at .001 level. The p-value of B1is .037 < 0.05, and the p-
value of B4 is .023 < 0.05; therefore, the corresponding paths are significant in the Engineering

subject. Additionally, as we analysed in the last section, all Bs are significant for the all data.

Table 7.14 Standardised regression coefficients (B) and significance level for different group

Biology & Clinical Environment/

Biochemistry Chemistry Medicine Ecology Engineering All data

Estimate P Estimate P Estimate P Estimate P Estimate P Estimate P
B1 .019 .022 192 ok .008 .028 .021 .014 .018 .037 .017 ok
B2 .088 *Ex .549 *okx .001 .848 .027 *kx .007 .289 .028 *kx
Bs .666 *Ex 974 *okx .626 *EX 490 *kx .642 *kx .652 *kx
Ba -.045 *Ex -.223 *okx -.002 .816 .019 .012 .029 .023 .026 *kx
Bs .206 *Ex .093 *okx 122 *EX .164 *Ekx 132 *kx .188 *Ex

The above results showed that two groups, Clinical Medicine and Engineering, have
insignificant paths in their structural models. Clinical Medicine has B>, the coefficient on path
S2 to S4 (see Figure 7.1), and B4, which is the coefficient on path S2 to Impact, are insignificant.
It seems the publishing stage in Clinical Medicine has no effect on our studied construct.
Tracking data found that this subject’s preprint data, the indicator of the stage of publishing,
only has a few data that account for 0.008% in the Clinical Medicine data sample; therefore,
such a variable indeed has little influence, and the results are not surprising. Besides, the last
insignificant path is S2 to S4 in the Engineering group, which implies the stage of publishing

has no significant impact on the stage of knowledge understanding and extensive
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dissemination. Since S1, S2, and S4 are all significant to the impact in Engineering, different

stages of the impact generation process still directly affected the final impact of the research.

As shown in Table 7.14, coefficients of Bs presented the strength of the path between latent
variables. The higher the path coefficient, the more substantial the impact of the latent
endogenous variable. All B3 are the highest coefficients in each model. Therefore, the path of
S4 to Impact is the most influential construct. In other words, the stage of knowledge
understanding and extensive dissemination is the most significant factor in influencing the

final impact, and all the category groups showed the same result.

It is noticeable that the path coefficients of B4 in the Biology & Biochemistry and Chemistry
are negative but significant, which means S2 has a reverse effect on Impact: when S2
decreases, the impact of research papers increases. Such results do not comply with common
sense. The possible reason is that preprints in these two subjects do not positively affect the
final impact. Research in the relevant literature has found that preprints represent a relatively
small fraction of all biology papers (Abdill & Blekhman, 2019). It is argued that the number of
preprints in bioRxiv surpassed the 12,000 threshold in early 2016 while less than 900 in the
first year when bioRxiv was opened. The chemistry community is in a similar situation, where
preprints for chemistry became popular about two decades after physics. Ciriminna and
Pagliaro (2017) commented that Chemistry is among the last of the core natural sciences to

embrace preprints.

Furthermore, Table 7.15 illustrates standardised regression coefficients of all indicators (As)
on latent variables in our structural models, including each category group and all-data group.
A11 represents the factor loading of supporting grants on the stage of knowledge generation
(S1). A21 denotes the factor loading of preprints at the knowledge publishing stage (S2). A31 to
Ass demonstrate the standardised regression coefficients of indicators for the stage of
knowledge understanding and extensive dissemination (S4). A41 to A4sa denote the

standardised regression coefficients of four types of impact indicators.
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Table 7.15 Standardised regression coefficients (A) for different category group

Biology & Chemistry Clinical Environment Engineering All data
Biochemistry Medicine /Ecology
A1 .707 .707 .707 .707 .707 .707
A2 .707 .707 .707 .707 .707 .707
Aa1 .519 .935 .507 409 .265 447
A3z .380 .195 425 304 .097 .335
As3 .608 .164 .649 .573 719 .604
As4 .603 .182 .378 433 .574 .336
Ass .698 .195 715 .663 .537 .686
Ass .900 .259 .867 .782 771 .864
A3z .306 243 .384 .099 .459 319
Asg .694 121 .668 379 .755 .591
Aa1 .667 .947 .674 729 .328 .591
Aa2 316 135 .197 228 .060 .188
Aa3 .165 110 391 .368 422 .300
Aas .326 131 441 .208 .050 .091

From the results in Table 7.15, we can observe the following findings:

It can be seen that all A11 among category groups are the same because supporting
grants are the sole indicator for S1, and we set the same default variance of errors as
initial parameters. A similar situation occurs in the stage of knowledge publishing (S2),
and we only have one indicator, preprint data, at this stage. One of our analysis's
limitations is insufficient indicators for S1 and S2. In the knowledge generation and
publishing stages, few indicators are available in practice, and we have high data
quality requirements that restrict some potential data. When more indicators become
available, we could reduce the initial parameter settings. Therefore, A1 has the same
standardised value for all studying groups.

The values Asj, ..., Asg are the standardised regression coefficients of indicators for the
stage of knowledge understanding and extensive dissemination (S4). In Biology &
Biochemistry group, the highest factor is Blogs (Ass), and then the following are News
(Ass), other altmetrics (Ass), Twitter (Asz3) and Facebook (As4). All these factors are

greater than 0.6. It seems that blogging is a popular way to promote research work in
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biology. Biologists are very active in spreading new discoveries on social media
platforms. In Chemistry, the situation is completely different. Chemists are keen to
use Mendeley to save or store their interested research papers, as As1is the highest
factor loading at this stage, which is 0.935. Then, the factor of Blogs is 0.259 and
Wikipedia is 0.243. All social media factors are lower than 0.2. In Clinical Medicine,
Blogs (Ase) is the highest factor, which is over 0.8, then is the News (A3s), which is 0.715.
Other altmetrics (Asg) and Twitter (Ass3) loadings are also high in Clinical Medicine,
which is over 0.6. The factor loadings of Clinical Medicine are similar to those of
Biology. For Engineering and Environment/Ecology subjects, Blogs (Ass) is the highest
factor as well, then Twitter (As3) and News (Ass) are high factors for these two subjects.
Mendeley and CiteULike in Engineering are both lower than those in
Environment/Ecology, it seems the Engineering scholars are not keen to use reference
management software.

A1 to Aaa denote the standardised regression coefficients of four indicators, WoS
Citations, Patent citations, Policy document citations, and Clinical trial citations, for
the impact of research papers. The four types of citations reflect the different
dimensions of the impact. WoS citation (As1) which normally represented to the
academic impact has the highest factor loading in all studying groups except
Engineering. In Chemistry, the factor coefficient of WoS citations is exceptionally high
at 0.947. Consequently, academic impact is the most significant dimension of impact
in the Chemistry group.

Clinical Medicine and Biology & Biochemistry both have the second highest factor
loading on Clinical trial citations (A44). Obviously, these two subjects have many clinical
trial studies. The factor loading of Patent citations (A42) in Biology & Biochemistry is
higher than in other groups, which indicates that patent registration has an important
impact on this subject. The environment/Ecology group has the second highest factor
loading on Policy citations (As3), which means the research outcomes in this field may

greatly affect policy documents for society.
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e Engineering’s highest impact factor is Policy document citations (A43), which is 0.422,
and the second highest factor loading is WoS citations, which is 0.328. Loadings on
Patent citations (A42) and Clinical trial citations (As4) are small in the Engineering group,
which is less than 0.1. The squared multiple correlation of Impact in Engineering is
0.431, meaning 43.1% of the variance in the impact has been explained. In other words,
56.9% was not explained. It could suggest that some other areas of impact emphasised
in the Engineering group are not included in this study. It might be the application
impact, economic impact, or something else that is worth studying further in later

research.

7.6 The evidence-chain-based research impact evaluation

The structural model results in previous sections showed that all stages of the impact
generation process in our analysis significantly affect the comprehensive impact of research
papers, and the stages follow a logical causal relationship in time. Therefore, we can build up
a factor analysis model for the comprehensive impact of research papers and calculate the

impact score for every publication.

Assume there are p variable (X;, X5, ...,Xp) and m underlying factors (Fy, F5, ..., Ey,). Xj is the
variable that denoted in latent factors. Then, we have the mathematical model of factor
analysis (Yong & Pearce, 2013) is:

Xi— W =lFy + B+ -+ g By + g

Wherej=1, 2, ..., p. (7.2)

In Equation 7.1, u; is the mean of X;; F(k =1,2,...,m) are common factors; lim( =
1,2,..,p;m = 1,2,..,m) are factor loadings; ej are error terms that assumed independent
of F, We need to note that no means or intercepts of variables were estimated in our models,
so the factor weights are calculated using the raw observed values. Since each structural
model has four latent variables, the factor score weights are produced on every indicator for
all the latent variables. Table 7.16 presents the factor score weights estimated by Amos on

the structural model with all combined data.
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The coefficient values of the indicators in S1 and S2 are minor but substantively affect the
value in S4 and the comprehensive impact. Here, we mainly focus on the coefficient of each
indicator to the impact. It is noticed that the preprints and blogs have high weight of factor
scores. Preprints published before the formal publication, which indicate a longer time of
exposure of research knowledge to accumulate impacts. The high impact research papers

would started to be acknowledge since the first publishing time, such as preprints.

Table 7.16 Factor score weights for all data

S1 S2 S4 Impact
Supporting grants 496 .000 -.261 4,413
Preprints .098 .500 2.250 19.303
Mendeley .000 .000 .036 .020
CiteULike -.003 .000 5.632 3.196
X (Twitter) .000 .000 414 .235
Facebook -.002 .000 -.254 -.144
News -.002 .000 3.869 2.196
Blogs -.024 .000 46.331 26.297
Wikipedia -.002 .000 4.817 2.734
Other altmetrics -.004 .000 8.428 4.784
WoS citations .001 .000 .033 .262
Patent citations .001 .000 .078 .609
Policy document citations .023 .000 1.509 11.841
Clinical trial citations .001 .000 .063 498

Regarding the high coefficient weight for blogs, this is an interesting finding and worth further
exploring. Mao et al. (2014) found that relationships among blog users are typically
unidirectional, unlike the bidirectional (friendship-based) connections often observed in
other social networking platforms. Blogs function as a form of social media, and their impact
can be measured based on the effectiveness of media dissemination. Blogs related to
academic articles often use language that is easier for the general public to understand,
serving as an effective medium for extending complex and obscure scientific knowledge from
the academic sphere to society at large, reaching non-academic audiences. Moreover,
researchers have noted that blogs discussing academic articles are more likely to reference

publications from high-impact journals (Fausto et al., 2012). Shema et al. (2014) were
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pioneers in investigating the relationship between journal citations and blog mentions,
identifying positive correlations between the two. Additionally, a well-known phenomenon is
the surge of blog posts appearing online after Nobel Prize announcements, aiming to explain
the significance of the laureates' research to a broader audience. These examples highlight

the influential role of blogs in disseminating high-impact academic content.

Using the coefficient values in Table 7.16, we can now calculate the factor score for the latent
variable, the impact of research papers, by applying all the factors. The factor model equation

for our comprehensive impact of research papers can be written as below:

Ximpact = 4-413F5upportin_grants + 19-303FPreprints + O-OZFMendeley + 3-196FCiteULike +
0.235Fx — 0.144Fpgcenook + 2.196Fyews + 26.297 Fpiogs + 2.734Fyipipedia +
4-784F0ther_altmetrics + 0-262FWOS_ciations + 0-609FPatent_citations +

11-841FPolicy_citations + 0-498FClinical_trial_citations (7-2)

Accordingly, every research paper could have an impact score based on its available (evidence)
data. We name this score the impact score for research papers. It will be stimulating to find
out the most influential research work published in the year 2013. To this end, we analysed
and ranked the top 10 highest-impact research papers based on their impact scores across all

subject areas. The detailed results are presented in Table 7.17.

The highest impact research paper in 2013 was from the journal JAMA, under the category
Medicine, general & internal, within our third category group, the Clinical Medicine group.
This paper achieved an impressive impact score of 5211.35. Highlighting its influence, it
received 16,739 WoS citations, 39 clinical trial citations, 16 policy document citations, and
178 Twitter mentions. This research work is very influential in every aspect of society. The
second-highest impact paper, published in Cell, falls within the “Cell Biology” category, part
of the “Biology & Biochemistry” group. This paper garnered 10,168 WoS citations, 35 patent

citations, 779 Twitter mentions and 167 News mentions, underscoring its significant societal
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and academic impact. Among the top 10 highest-impact papers, eight are within the “Biology
& Biochemistry” group, while the remaining two belong to the “Clinical Medicine” group.
Notably, all top 10 papers stem from life science disciplines, highlighting their broad-reaching

influence across academia and society.

The third-highest impact papers and the sixth, eighth, ninth and tenth-highest impact papers
only have about 4 thousand WoS citations or less. However, they have high news, Twitter,
Facebook, and other altmetrics mentions, meaning they have extensive societal attention and
have brought these papers to very high rankings. In analysing the impact composition, the
stage of knowledge understanding and extensive dissemination (S4) emerge as the most
significant factors influencing the overall impact in our structural models. Consequently, the
indicators associated with this stage generally carry higher weights. This perspective merits

further discussion.

Societal influence is a critical dimension of impact, indeed. The current results reflect weights
derived from our collected data and our chosen modelling approach. They are reasonable but
may be biased. If there is a consensus that academic influence should be prioritised, the
weights can be adjusted by modifying the parameters, emphasising academic impact while
de-emphasising societal effects. In practical evaluations, such weights could be reasonably

adjusted through expert discussions.

We must also remark that the impact components vary significantly across disciplines, as
discussed in Section 7.5.2. Therefore, it is essential to account for disciplinary distinctions
when comparing the impact of research publications. Comparisons within the same discipline
can enhance fairness and reduce bias. For example, this study has established impact
structure models for five major category groups, allowing the factor weights for each research
area's structure to be easily determined. When evaluating the specific research area or
discipline, the structural model of impact for this field must be built first to obtain the most

reasonable weights for impact value calculations.
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The evidence-chain-based evaluation method can be applied systematically to assess the
impact of specific research publications, journals, categories, or research areas. Next, we will
carry out an evaluation of the impact of the journal using our proposed approach. It is a
further application of the evidence-chain-based evaluation method. Given our familiarity with
the study area, we conducted a journal impact ranking focused on the operations research
and management science journals. Table 7.18 demonstrates the top 20 highest-impact

journals with papers published in 2013.
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Rank Impact Title of paper Journal name Year Category Category Metrics highlights
Score Group
1 5211.35 World Medical Association Declaration of JAMA 2013 Medicine, general & 3 Publication citations:16739; Policy document
Helsinki: Ethical Principles for Medical Research internal citations:16; Clinical trial citations:39;
Involving Human Subjects Twitter:718;
2 4976.05 The Hallmarks of Aging Cell 2013 Cell Biology 1 Publication citations:10168; Patent
citation:35; Twitter:779; News:167
3 3887.82 DNA methylation age of human tissues and cell Genome Biology 2013 Biotechnology & 1 Publication citations:4866; Patent citation:15
types Applied Microbiology Twitter: 237; News:164; Other altmetrics:186
(involved Google+ 172)
4 3306.14 TopHat2: accurate alignment of transcriptomes ~ Genome Biology 2013 Biotechnology & 1 Publication citations:11150; Patent
in the presence of insertions, deletions and Applied Microbiology citation:58
gene fusions
5 3170.71 Integrative Analysis of Complex Cancer Science Signaling 2013 Cell Biology 1 Publication citations:11265; Patent
Genomics and Clinical Profiles Using the citation:41
cBioPortal
6 2350.06 Intestinal microbiota metabolism of I-carnitine, =~ Nature Medicine 2013 Cell Biology 1 Publication citations:3196; Patent citation:42;
a nutrient in red meat, promotes Twitter: 424; Facebook:91; News:61;
atherosclerosis
7 2349.99  Predictive functional profiling of microbial Nature 2013 Biotechnology & 1 Publication citations:7346; Patent citation:63
communities using 16S rRNA marker gene Biotechnology Applied Microbiology
sequences
8 2204.89  An Introduction to Social Media for Scientists PLOS Biology 2013 Cell Biology 1 Twitter:1974; Facebook:106; Blogs:47; Other
altmetrics:63
9 2072.20 Enough is enough: Stop wasting money on Annals of Internal 2013 Medicine, general & 3 Twitter:1210; Facebook:499; News:134;
vitamin and mineral supplements. Medicine internal Blogs:45; Other altmetrics:66
10 2012.25 Repurposing CRISPR as an RNA-Guided Cell 2013 Cell Biology 1 Publication citations:3758; Patent

Platform for Sequence-Specific Control of Gene
Expression

citation:690;
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Rank Impact Score Journal name Year Number of :I'ot'al of WoS JIF2023 rank  AJG2024 rank
of Journal papers citations today
1 24.48 Management Science 2013 181 47,274 20 4%
2 12.43 Journal of Operations Management 2013 39 11,113 10 4*
3 9.31 Technovation 2013 53 11,239 2 3
4 7.75 m:::;aecr:]‘;']:g & Service Operations 2013 54 6,443 16 3
5 7.27 Decision Support Systems 2013 217 13,405 8 3
6 6.53 Transportation Research Part B Methodological 2013 131 17,027 14 4
7 6.10 Omega 2013 97 13,376 8 3
8 6.04 Safety Science 2013 226 20,058 19 3
s sy [TmmeleemOeem e s 5 :
10 5.14 Production and Operations Management 2013 108 12,030 16 4
11 4.55 Operations Research 2013 101 15,236 34 4*
12 453 European Journal of Operational Research 2013 507 62,282 13 4
13 4.34 Mathematical Programming Computation 2013 14 1,695 23 N/A
14 4.30 Mathematical Programming 2013 113 12,372 34 4
15 4.26 Reliability Engineering & System Safety 2013 216 33,263 4 3
16 4,18 Systems & Control Letters 2013 151 8,337 38 N/A
17 3.93 International Journal of Production Economics 2013 387 33,962 3 3
18 3.78 Expert Systems with Applications 2013 750 81,232 6 1
19 3.56 Fuzzy Optimization and Decision Making 2013 24 1,449 16 3
20 3.56 Computers & Operations Research 2013 295 16,520 24 3
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We applied the factor score weights of each indicator within the Engineering group to
calculate the impact scores, as the operations research and management science category
falls under the Engineering group according to the WoS category list. These factor score
weights were computed using Amos based on the structural model of the impact of the

research paper in the engineering group. The results are shown in Table 7.19.

Table 7.19 Factor Score Weights for the Engineering group

S1 S2 sS4 Impact
Supporting grants 499 .000 -.068 2.116
Preprints .067 .500 .119 7.515
Mendeley .000 .000 .008 .004
CiteULike .000 .000 1.855 .988
X (Twitter) .000 .000 .841 448
Facebook -.002 .000 7.607 4.050
News -.001 .000 3.320 1.767
Blogs -.008 .000  30.755 16.373
Wikipedia -.002 .000 7.639 4.067
Other altmetrics -.008 .000 30.088 16.019
WoS citations .000 .000 .009 .053
Patent citations .000 .000 -.011 -.064
Policy document citations .035 .001 2.232 13.161
Clinical trial citations .130 .002 8.289 48.874

Subsequently, the impact score of each publication in this group was calculated. Then, the
impact scores of all articles from each journal within the operations research and
management science category were aggregated to compute the average value of impact

scores for the journal. We named this score as the Journal Impact Score.

The ranking data was selected from papers published in 2013, as we aimed to examine the
cumulative impact of research output over a more extended period, such as ten years. All
evidence data (indicators) were downloaded in 2024, which represents the impact value as
of the data collection date. The strength of our ranking lies in its ability to identify research

contributions with enduring influence, providing a more comprehensive measure of impact.
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Our journal ranking is based on the cumulative impact of each paper published in the

respective journals.

Moreover, the high-ranked journals on our list indicate that the research papers in these
journals continued to exert significant influence over the subsequent decade, accumulating
substantial impact across academic and societal domains. Some research works exhibit high
citation rates shortly after being published but experience diminishing influence over time,
reflecting a limited long-term impact. In contrast, research outcomes with groundbreaking
significance often require a longer period to accumulate influence and continue to expand

their impact across various aspects of society.

The Journal Impact Factor (JIF) remains the most traditional metric in journal rankings.
However, since JIF only accounts for publication citations and reflects academic impact alone,
it increasingly fails to represent the overall influence of research outcomes. The Academic
Journal Guide (AJG) is another widely used journal ranking system, particularly in business
and management disciplines. The AJG incorporates qualitative information alongside
established quantitative metrics and is well-recognized by scholars in business studies. It
classifies journals into five ratings: 4* (world-leading journals), 4 (top journals in the field), 3
(highly regarded journals), 2 (journals publishing original research of an acceptable standard),

and 1 (journals publishing research of a recognized standard) (CABS, October 1, 2024).

To validate our ranking results, we compared our journal impact rankings with those from JIF
2023 and AJG 2024, as shown in Table 7.18. The results revealed significant differences
between our rankings and those from JIF, but some alighment with AJG. Management Science
journal was identified as the highest-impact journal in our rankings, followed by the Journal
of Operations Management. This result aligns with AJG's rankings, affirming that these
journals are indeed world-leading in terms of influence. It is important to note that the

category classification in AJG differs from the WoS category list, so some high-rated journals
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in AJG were not included in our list. Since the rank of AJG is more recognised by business

studies, our ranking results showed a similar ranking trend to that of AJG.

Furthermore, to seek peers' opinions, a questionnaire with the impact ranks of journals in
Operations Research & Management Science (as demonstrated in Table 7.18) was conducted.
The questionnaire was answered by various scholars and experts in operations research and
management science studies, including professors, lecturers, associate researchers, and PhD
students. Their answers significantly revealed similarities with our ranking results, which
proved our rank list is more in line with the scientific community's perception of the journal's

impact.

It is worth highlighting that the impact score we calculated is based on the full chain data on
the causal chains of the impact generation process, which reflects the comprehensive
influence of research. High-quality evidence data makes the results of impact traceable and
more reliable. The evidence-chain-based evaluation approach represents a new direction for
the impact evaluation field. This approach defines research impact as multidimensional,
encompassing academic and societal aspects. It is supported by evidence and data that
demonstrate its dissemination, covering the entire process of research impact generation.
Therefore, our impact aggregation results are more comprehensive, reliable, and better

suited to the evolving demands of modern research management.

7.7 Summary

This chapter used real data to aggregate comprehensive impact for research papers and
calculated their impact score for impact evaluation. The findings in this chapter are

highlighted below.

Firstly, we collected evidence data on the impact generation process for five disciplinary
groups. As these data served as indicators for the impact generation process for research
papers and would be calculated in the impact aggregation, ensuring data quality is of

paramount importance. We systematically screened the potential data available at each stage
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of the impact generation process and thoroughly evaluated the databases providing these
data. All databases for data collection were carefully selected from the most representative
ones within their category, and quality was verified by clarifying the origins of data sources

and the breadth and comprehensiveness of the database's publication coverage.

Secondly, we applied the Structural Equation Modeling approach to constructing the impact
aggregation model, and the hypothesised paths in the structural model were based on the
cause-effect chains of research impact built up in Chapter 6. We proposed five hypothesised
relationships in the impact generation process, and the model-fitting results confirmed that
all the hypothesised relationships were accepted. That is, each stage of the research impact
generation process has a cumulative effect on comprehensive research impact, and there is
a logical causal relationship between the stages. The results of the structural models
confirmed the feasibility and significance of using cause-effect chains of research impact

generation to build impact evaluation.

Additionally, we compared the differences in the structural models of impact across
disciplines, where the coefficients of the indicators and impact dimensions differed. We also

explored the differences in the regression coefficients across the five disciplinary groups.

Then, we used all factor weights estimated in the structural models of impact to aggregate
impact scores for research papers. Based on available evidence data, every research paper
could have an impact score. We calculated the highest-impact research papers published in

2013 and found that all top 10 research works were from life science disciplines.

Furthermore, we also evaluated some journals’ impact. We chose parts of operations
research and management science journals as being more familiar with the research field and
ranked the journal impact according to their impact score. Our rank results were approaching
the AJG's ranking list, which is well-recognized in business studies. The peer review opinions

from experts in operations research and management science studies also agreed with our
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ranking results regarding their perception of the journal's impact. Our ranking excelled in
identifying research papers with widespread and enduring impact. Some papers experience a
decline in citation frequency over time, indicating their limited influence. In contrast,
groundbreaking scientific contributions tend to expand their impact constantly over an

extended period, resonating across various aspects of society.

Finally, the impact scores we aggregated were based on full-chain data on the cause-effect
chains of impact generation, which reflects the comprehensive impact. By incorporating every
stage of the impact generation process into the evaluation, this approach captured the
influence of research papers on both academic and broader dimensions. The evidence-chain-
based impact evaluation approach initiated a novel perspective for assessing impact, resulting

in outcomes that are more diverse, accurate, and reliable.
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Chapter 8 — Conclusions and future research

8.1 Conclusions

This thesis aimed to develop evidence-based quantitative evaluating methods for research
impact to increase the reliability of assessment results and answered the following three

research questions:

1) How can we identify and select suitable altmetric data for evaluating the impact of
research publications?

2) How can we aggregate those altmetric and scientometric data based on a cause-effect
analysis to develop more reliable metrics for the impact of research publications?

3) How can we apply the above approaches in real applications?

To answer the above research questions, Chapters 2 and 3 carried out a comprehensive
literature review on research evaluation, impact evaluation, and traditional and alternative
metrics for research impact, including their concepts, definitions, features, methodologies,

and research status.

Then, Chapter 4 conducted empirical research on two mainstream altmetrics platforms,
Altmetric and PlumX, to investigate the altmetric data quality and suggested how to use these
platforms' altmetric data in practice. This chapter involved a detailed analysis of these
platforms’ altmetric data quality, including data coverage, disciplinary differences, correlation
analysis, data consistency, and the reliability of the data sources. Findings in this chapter
provided a thorough understanding of the altmetric data sources and platforms. The first

research question has been answered properly in this chapter.

In Chapter 5, we proposed an evidence-chain-based quantitative evaluating approach for
scholarly impact. We first discriminated three core relationships: causality, cause-effect
chains, and evidence chains for academic impact evaluation. Then, we suggested a method
on how to build an evidence chain in three steps. A primary evaluation model was proposed.

The case study was carried out by calculating the likelihood of occurrence of the evidence
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chain for the two targeting journals. The results showed that the journal with a significantly
higher likelihood of occurrence of the evidence chain (although its impact factor is lower),
which corresponds to the favourable cause-effect chain of “read-understood-disseminated-

cited”, is the high-impact journal recognised in the scientific community’s common views.

We recognised citation as the “effect”, citation motivations as multiple "causes”, and the
citing process as "cause-effect chains” to analyse the evidence chains in the specific cause-
effect chain, “read-understood-disseminated-cited,” to evaluate the academic impact in
Chapter 5. Then, we developed our research to a further step in Chapter 6, to construct the
cause-effect chains of a comprehensive research impact in order to build evidence-chain-

based methodology for comprehensive impact evaluation.

Chapter 6 analysed the impact generation cause-effect chains, which put together the
academic and broader impacts (economy, society, culture, public policy or services, health,
and more) of the research output as a final effect, and illustrated the cause-effect chains of
the impact generation process. We identified five logical stages of generating impact for
research publications: knowledge generation (S1), knowledge publishing (S2), the first wave
of knowledge dissemination (S3), knowledge understanding and extensive dissemination (S4),
and knowledge transformation and regeneration into new outputs (S5). The original research
output's extensive impact arises across the different paths of the whole process. The analysis
of key stakeholders, key actions, and key results of each stage was carried out and used to
extract quantitative evaluation indicators. The more indicators, the better. However, we need
to note that the indicators involved various types of data and data sources, and not all kinds
of data are collectable or of good quality for use. Using the data collected at each stage to
evaluate the impact could solve the attribution and reliability problem and make evidence
data causally connected. Both Chapters 5 and 6 answered the second research question from

different perspectives.
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Chapter 7 used real data to aggregate comprehensive impact for research papers and
calculated their impact score for impact evaluation. We collected a range of evidence data as
indicators of the impact generation process, including grant data, preprint data, Mendeley
reader data, CiteULike data, X(Twitter) mentions, Facebook mentions, News mentions, Blogs
mentions, Wikipedia mentions, publication citations from WoS, patent citations from Lens,
policy document citations from Overton and clinical trial citations from Dimensions. Five
major category group’s journal papers’ data were gathered. All databases for specific data
collection were carefully selected from the most representative ones within their category,
and quality was verified by small sample tests, clarifying the origins of data sources and the

breadth and comprehensiveness of the database's publication coverage.

The Structural Equation Modeling approach was applied in Chapter 7 to construct the
research impact aggregation models. The structural models’ fitting results verified the
feasibility and significance of the paths we built based on the cause-effect chains of impact
developed in Chapter 6. Consequently, we built different structural models for impact
aggregation by discipline to better evaluate the research publications. Finally, all observed
publications’ impact scores were calculated using the factor weights from disciplinary
structural models for research impact. We ranked the Top 10 highest-impact research papers
published in 2013 and then conducted a rank list of the 20 highest-impact journals in 2013 in
the Operations Research & Management Science category. Rank lists were examples. Our
proposed methodology, based on cause-effects and evidence chains for impact evaluation,
could systematically assess the impact of research publications from different levels and
scopes, such as journals, categories, or research areas. The third research question has been

answered thoroughly in Chapter 7.

Finally, there are six main contributions to this thesis:

e This thesis introduced an innovative quantitative evaluation method based on
evidence-chains to assess the impact of research publications. The proposed approach

effectively evaluates academic contributions and identifies journals with more
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authentic influence. By addressing the limitations of traditional results-driven
evaluation systems, this method delivers more reliable and insightful assessment
outcomes.

We further explored the evaluation methods for a comprehensive impact of research
publications using evidence chains. The conceptual model introduces a clear and
logical framework for analysing research impact using cause-effect chains, surpassing
the previous reliance on output-based data alone. Collecting and utilizing data at each
stage of the process resolves attribution and consistency issues, enabling robust and
reliable assessments.

The final case study evaluated the comprehensive impact of research publications. It
successfully utilised the conceptual model of the impact generation process to
construct impact evaluation models using a structural equation modelling approach
and aggregated the impact scores for publications. The newly established quantitative
evaluation methodology for research impact could support various purposes of
assessing requirements, including the publication and journal's impact within required
categories, disciplines, and research areas.

Our evidence-chain-based evaluation method is a full-chain evaluation that is logically
connected with causal chains of the impact generation process. This is the first time
in the literature that a full chain of evidence from the research knowledge generation
to impact generation is applied to evaluate impact. By incorporating every stage of the
impact generation process into the evaluation, this approach can capture the
influence of research papers on academic and broader dimensions, which reflects the
comprehensive impact. Our method for research evaluation is a new way of thinking
and provides an innovative insight into the impact evaluation system.

The empirical study on altmetrics platforms, Altmetric and PlumX, involved a detailed
analysis of altmetric data coverage, disciplinary differences, data consistency, and the
reliability of the data sources, providing a thorough understanding of the altmetric
data sources and platforms. Findings and suggestions in the study provided a valuable

reference for subsequent use of altmetrics in the research.
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e Existing literature indicates that Altmetrics has certain limitations as a direct tool for
research impact evaluation. These metrics primarily reflect public interest and
preferences, making them less suitable for directly measuring impact, such as social
impact. However, this thesis uses altmetric data to extract indicators, recognising its
significant role in impact measurement. It offers a new perspective on the appropriate

and effective use of altmetric data in the research evaluation.

8.2 Research limitations

Complementary to the challenges discussed in each chapter, this thesis has the following

research limitations.

First, our research impact generation process only summarised the most common conditions.
More impact-generating paths should exist, but they have yet to be demonstrated. Besides,

we cannot collect all the path information due to the current data tracing capability.

Second, our evidence-chain-based evaluation method has high requirements for data,
especially when evaluating comprehensive impact. The limitation of data is that, on the one
hand, there is limited available data on the process of generating impact. On the other hand,
measurement data that can reflect broader impacts, especially long-term impact, is limited
and not easy to obtain. When data is limited, however, it is also possible to consider building

a model on a smaller scale, such as using data from an entire journal.

Third, our proposed methods also rely on the quality of evidence data. Data quality depends
on the coverage and counting methods of data providers. The more reliable the data sources,

the more accurate the impact evaluation model will be.

When data collection and processing technology develops in the future, these problems are
expected to be solved at the technical level, and the evidence-chain-based impact evaluating

methods for research outputs will be further perfected.
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8.3 Future research work

Deriving from the literature review, findings in this thesis and the research limitations, several

promising research areas and potential topics warrant further research.

Firstly, this thesis primarily focused on scientific research publications as the evaluation object
to develop quantitative evaluation methods for impact. However, the evaluation objectives
can be expanded to research institutions, individual researchers, and more. Such expansions
would require modifications in data collection processes and evaluation methodologies,

which are worth further study.

Secondly, when abundant data is available, such as click time, download time, or citation time
for a publication, one can build a dynamic Bayesian Network to demonstrate the research
impact generation process. However, data collection may be more complicated and

challenging.

Thirdly, as more scientific research data are opened, different forms of data are gradually
emerging. However, the validations of some corresponding databases are lacking. For
example, there are few in-depth studies on policy document citation data. Therefore, a large-

scale data analysis among different data providers is needed.
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