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Experiment proposals at synchrotron facilities serve as the primary gateway for
instrument access. They currently lack the standardized and granular topic
metadata necessary for tasks such as classification and review, and, broadly
speaking, reuse. This paper defines and tests the feasibility of a real-time topic
classification service for experiment proposals using an open-source machine-
learning model and domain experts for the evaluation phase. We applied the
OpenAlex topic classification model to 5384 experiment proposals and selected
209 of them to each be independently evaluated by three domain experts to
assess the performance and utility of the model. Analysis of the evaluations
reveals a general consensus among the reviewers regarding the model’s
predictions, with a Krippendorff’s alpha of 0.572. We also find that 74.2% of the
proposals had at least one topic that was unanimously deemed relevant, which
suggests that the model performs well enough to be used in a live setting with
real-time verification. However, we do not recommend using it in automated
environments without human oversight, given the proposal-based precision
score of 56.0%. By aligning the data infrastructure of photon and neutron
facilities with the OpenAlex ecosystem, we also lay the groundwork for the
eventual inclusion of proposals and experiment reports into OpenAlex, which is
necessary for a complete record of a research activity.

1. Introduction

Synchrotron facilities are an integral component of the
worldwide scientific ecosystem, contributing to many areas of
scientific research, from palacontology (Cau et al., 2017) to
drug development (Douangamath et al., 2020).

While the academic focus has traditionally centred on the
scholarly publications and datasets coming out of these facil-
ities, two other types of documents are also a crucial part of
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® synchrotron facilities’ science lifecycle: namely the experiment
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synchrotron facility instrument for an experiment. It under-
goes rigorous peer review by domain experts to determine
facility access. The experiment report summarizes the findings
and technical outcomes immediately following the conclusion
of an experiment.

Currently, scholarly publications and, to a lesser extent,
datasets have well developed ecosystems built around them,
from DOI minting to representation within bibliographic
databases such as Web of Science and Elsevier’s Scopus. In
contrast, experiment proposals and reports are notably behind
in terms of data infrastructure, confined exclusively to the
originating facilities. Worse still, open access to these docu-
ments is not guaranteed across all institutions. This lack of
discoverability and accessibility is a serious impediment, as
these documents are essential for understanding the end-to-
end research process. Hence, like other scholarly outputs, they
should be made as FAIR (Wilkinson ef al., 2016) as possible.

This paper seeks to contribute to the FAIRification of these
overlooked documents by focusing on a specific piece of work
that also addresses the immediate needs of the photon and
neutron community: the use of machine learning for automatic
topic classification of experiment proposals, along with
evaluation of the results. Utilizing the OpenAlex classification
scheme and model (developed and used by the OpenAlex
team), we demonstrate how this approach generates enhanced
metadata that could be used for a variety of downstream tasks,
such as reviewer-proposal assignment and scientific trend
analysis. The validation of the model is an immediate need for
the European Synchrotron Radiation Facility (ESRF), which
plans to integrate it into a live service.

For simplicity, the term ‘proposals’ is used throughout to
refer collectively to both the experiment proposals and the
reports, as the latter is a direct extension of the former.

1.1. The challenge

Within the facilities’ own repositories, proposals are classi-
fied under broad research areas. For the ESRF, these research
areas come in the form of twelve Scientific Disciplines: CH —
Chemistry; ES — Earth Science; EV — Environment; HC —
Hard Condensed Matter Science; HG — Cultural Heritage; LS
— Life Sciences; MA - Applied Material Science; MD —
Medicine; ME - Engineering; MI — Methods and Instru-
mentation; MX — Structural Biology/Macromolecular Crys-
tallography; SC — Soft Condensed Matter Science. These
internal classifications of proposals are broad and do not
conform to existing metadata standards. This is also true for
other facilities like Diamond Light Source, which classifies its
scientific activities into nine similar Research Areas: Chem-
istry; Earth Sciences and Environment; Engineering and
Technology; Life Sciences; Materials Science; Physics; Energy;
Cultural Heritage; COVID-19.

The low granularity reduces the utility of current metadata
for downstream tasks, such as tracking specific trends over
time. The absence of standardization also results in a lack of
semantic interoperability across facilities. This effectively
creates isolated data silos, significantly impeding the discovery,

integration, and analysis of proposal data by the scientific
community, and making cross-referencing with external
databases, such as OpenAlex, unnecessarily complex.

In addition, facilities like ESRF could introduce a live
service that will ingest a submitted proposal and output topic
predictions for the beam time applicant to select in real time.
The performance of the underlying machine-learning model
must be rigorously evaluated prior to its official deployment.

These two factors, the development and validation of the
live service and the concurrent need to enhance the granu-
larity and standardization of proposal topic metadata,
converge to form the central challenge that this paper
addresses.

1.2. The solution

Our work uses machine learning to augment the existing
broad internal classifications used by ESRF with more gran-
ular, standardized topics already used by OpenAlex. Open-
Alex is chosen because it is open-source, non-proprietary,
and has a huge coverage of different scholarly outputs and
research domains (see Section 2.1 for a more detailed
discussion). Additionally, the OpenAlex team has already
developed their own topic classification model (OpenAlex,
2024a) for journal articles (see Section 2.4), allowing us to
repurpose it for ESRF experiment proposals (see Section 3.2)
to enhance proposal topic metadata, as mentioned above in
Section 1.1. The outputs of the model were then evaluated by
domain experts to assess the model’s performance (Section
3.3), followed by a comprehensive analysis of the results
(Section 4).

ESRF documents were chosen because, although the
proposals are not fully publicly available, the experiment
reports are easily accessible and can serve as a suitable proxy
for input to the model (see Section 3.1). This approach satisfies
publication requirements by ensuring that all input data are
openly accessible. Furthermore, proposal documents are
similar in structure (with the same key components such as
title, abstract, and references etc.) across most photon and
neutron facilities, making the findings of this study broadly
applicable to other sites, including Diamond Light Source.

The results of this study will also serve as validation for a
live service (Section 5.1) that ESRF is considering imple-
menting. This service will provide real-time topic predictions
for beam-time applicants to select directly on the ESRF User
Portal during proposal submission.

2. Background
2.1. Bibliographic databases

Bibliographic databases are digital catalogues of references
to published sources, especially journal articles and confer-
ence proceedings, which are indexed with additional metadata
such as titles, abstracts, and author names (Gasparyan et al.,
2013).

The Web of Science and Scopus are perhaps two of the most
well known bibliographic databases. However, they are
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subscription-based services, which poses a barrier to open
science. In contrast, OpenAlex is free to use and has better
coverage of scholarly outputs, particularly those in Diamond
open access journals (Simard ez al., 2024).

Dimensions is an alternative database that was considered.
A study found that Dimensions had much better coverage of
academic journals than Web of Science and Scopus (Singh et
al.,2021). Like OpenAlex, it also classifies topics at the article
level. Dimensions’ classification system for topics, referred to
as Fields of Research (FoR), is a component of the 2020
Australian and New Zealand Standard Research Classification
(ANZSRC) system (Australian Bureau of Statistics, 2020). It
has three hierarchical levels (from broadest to most granular):
Divisions, Groups, and Fields. The developers of Dimensions
trained a machine-learning model for FoR classification at the
broader Divisions and Groups level (Porter et al., 2023).

In contrast, OpenAlex’s system of classification works on a
much more granular level (see Section 2.3), making it the
more attractive option for this project. In addition, OpenAlex
has received support from major organizations. The Centre for
Science and Technology Studies (CWTS) at Leiden University
in the Netherlands decided to base the CWTS Leiden Ranking
Open Edition, which evaluates the scientific performance of
research institutions, on OpenAlex data. This represented a
departure from the traditional Leiden Ranking, which is based
on closed data from the Web of Science (Van Eck et al., 2024).
Furthermore, the French government has endorsed OpenAlex
as an alternative to proprietary platforms (Ministry of Higher
Education, Research and Innovation, 2021; Ministry of Higher
Education, Research and Innovation, 2024). Finally, Open-
Alex’s recent £2.9 million award from the Wellcome Trust to
index research grants from funders globally (Wellcome, 2025)
provides a compelling incentive for adoption by major facil-
ities. This is particularly true for Diamond Light Source, which
is also supported by Wellcome Trust funding and benefits from
aligning with a key funder’s data infrastructure initiative.

2.2. Overview of OpenAlex

OpenAlex is an open catalogue of the global research
system (Priem et al., 2022). It encompasses scholarly entities
(each with a unique OpenAlex ID) that are connected to one
another in a heterogeneous directed graph. These entities are:

(i) Works: more than 240 million scholarly outputs such as
journal articles and datasets.

(ii) Authors: around 90 million individuals responsible for
producing Works.

(iii) Sources: approximately 249000 platforms (e.g. journals,
repositories) that host Works.

(iv) Institutions: about 109000 organizations with which
Authors are affiliated.

(v) Topics: the 4516 research areas of Works. Refer to
Section 2.3 for a more detailed description.

(vi) Publishers: around 10000 organizations that dissemi-
nate Works.

(vil) Funders: around 32000 organizations that finance
research.

Table 1
Example of an OpenAlex Topic with its hierarchy and associated meta-
data.

Hierarchy
Domain Health Sciences
Field Health Professions
Subfield Health Information Management

Topic metadata
Display Name Artificial Intelligence in Healthcare
ID https://openalex.org/T11396
Description  This cluster of papers focuses on the application of
machine learning, big data analytics, and data mining
techniques in healthcare and medicine. It covers topics
such as medical diagnosis, classification models, heart
disease prediction, and the use of support vector
machines and logistic regression. The cluster emphasizes
the potential of machine learning in improving
healthcare outcomes through advanced data analysis.
Machine Learning, Healthcare, Big Data Analytics,
Medical Diagnosis, Classification Models, Heart Disease
Prediction, Data Mining, Support Vector Machine,
Logistic Regression, Feature Selection

Keywords

OpenAlex is continuously updating its repository to provide
a comprehensive index of scholarly outputs. The above figures
for the various scholarly entities are accurate as of October
2025.

In order to tag Works with Topics in real time, the Open-
Alex team developed a machine-learning model (Section 2.4)
to perform automatic topic classification of the Works. This
model is the main focus of this paper.

2.3. Topic classification scheme

The Topics are the most granular tier within a hierarchical
classification system and are subordinate to Subfields, which
are grouped into Fields, which are categorized by the broadest
level of Domains. This hierarchy is illustrated in Fig. 1. As of
October 2025, there are 4516 Topics, 245 Subfields, 26 Fields,
and 4 Domains. An example of a Topic along with its hierarchy
and metadata is shown in Table 1.

The classification was developed by the OpenAlex team and
the Centre for Science and Technology Studies (CWTS) at
Leiden University in The Netherlands.

The CWTS team first applied the Leiden algorithm (Traag
et al., 2019) in conjunction with what they refer to as the
extended direct citation clustering approach (Waltman et al.,
2020) to a snapshot of the OpenAlex repository, clustering the
71 million scholarly outputs based on the 1715 million citation

Domains (4)

Fields (26)

Topics (4516)

Figure 1
The classification follows a four-level hierarchy, from the most granular
level of Topics to Subfields, and then to Fields, and finally to Domains.
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links between them (Van Eck & Waltman, 2024). The idea is
that publications strongly connected by citation links are likely
to be within the same research area. This resulted in a three-
level hierarchical classification, from ‘micro level’ at the most
granular level, to ‘meso level’, and finally to ‘macro level’ at
the highest level. Since clustering is an unsupervised tech-
nique, even after the clusters had been identified, it was not
clear which cluster corresponded to which research area. So,
for each ‘micro level’ research area, the OpenAl GPT-3.5
Turbo (https:/platform.openai.com/docs/models/gpt-3-5-turbo)
model was provided with the titles of the 250 most cited
publications in the area and asked to return a short label (of at
most three words), a long label (of at most eight words), a list
of keywords, a summary, and a Wikipedia (https:/www.
wikipedia.org) Uniform Resource Locator (URL). This
approach was also applied to the ‘meso level’ and ‘macro level’
research areas, but the results were not deemed satisfactory by
the CWTS team.

The resulting set of classifications forms the basis for
OpenAlex’s topic classification. Specifically, the labelled
‘micro level’ classifications are now what OpenAlex is refer-
ring to as Topics. Using a Large Language Model (LLM), each
Topic was then assigned to the Subfields, Fields, and Domains,
which are based on Scopus’s All Science Journal Classifica-
tions (ASJC) (https://service.elsevier.com/app/answers/detail/
a_id/15181/supporthub/scopus/) categories, culminating in
the classification shown in Fig. 1. The OpenAlex team is
committed to updating and improving this classification
scheme. However, the Topics are expected to remain stable in
the near term.

The complete set of classifications for all 71 million scho-
larly outputs was published on Zenodo (Van Eck, 2024), and
forms the training dataset for the OpenAlex topic classifica-
tion model, which is discussed in the next section.

2.4. Topic classification model

The OpenAlex team built a machine-learning model (refer
to Appendix A for more details on the model architecture) to
predict Topics for incoming publications in real time. The
model takes in the title, abstract, outgoing citations, and
journal name to produce a vector p, where each element p; is
the independent probability that Topic i is relevant to the
input Work. The model selects the TopK Topics associated
with the highest probabilities in p. TopK is an adjustable
hyperparameter; in our specific application, TopK is set to 3
because that is the default value selected by OpenAlex.
Finally, a series of confidence-based post-processing steps are
applied to the TopK predictions. These heuristics evaluate the
relative probabilities of the selected Topics to filter out lower-
confidence results, ensuring a final output of high relevance.
The model was trained on the classifications performed by the
CWTS team. The model artefacts and training data can be
found on Zenodo (OpenAlex, 2024b).

On 4 November 2025, OpenAlex transitioned to a new
codebase, nicknamed ‘Walden’ (Priem, 2025). This update
included an improved topic classification algorithm. The

changes were not large and did not involve retraining of the
underlying neural network, as confirmed by the OpenAlex
team. Our work utilizes the pre-Walden version of the topic
classification model. Given the nature of the update, the older
model’s outputs remain sufficient for the purposes of this
study.

3. Methodology

We repurposed the OpenAlex topic classification model to
classify the experiment proposals. This is feasible because the
proposals share structural elements with journal articles, such
as titles, abstracts, and references. However, the proposals’
lack of an associated journal name is a key difference. To
address this, the Scientific Discipline was substituted based on
the rationale that journal names frequently include the rele-
vant domain anyway. Furthermore, since the model transforms
journal names into embeddings (explained in Appendix A),
using Scientific Disciplines as a substitute will still produce
embeddings with the essential semantic meaning. An analysis
of the effect of this substitution can be found in Section 4.4,
which reveals that this substitution is justified.

Our methodology is also supported by recent work (Fenner,
2025) showing that the OpenAlex model can be successfully
repurposed for different types of content.

The first step was to collect the necessary data to serve as
input for the model: titles, abstracts, references, and Scientific
Disciplines (Section 3.1). Supplementary metadata was also
collected as a way to further augment the model’s perfor-
mance by trying different combinations of inputs (Section 3.2).
Finally, an evaluation exercise was carried out to assess the
model’s performance (Section 3.3).

3.1. Data collection

As mentioned earlier in Section 1.2, the proposal docu-
ments themselves are not publicly available. However, the
experiment reports are largely accessible from the ESRF data
ecosystem (refer to Appendix B for more details), and the
titles and abstracts of the reports are very often identical to
those of the proposals. The content and list of references
within the reports, which are extracted in a structured format
using GROBID (GROBID, 2008-2025), are also expected to
be very similar. For context, GROBID is a machine-learning
tool that parses and converts PDF documents into structured
XML/TEI files. We chose it because it seems well suited for
this type of task (Meuschke et al., 2023; Siebenschuh et al.,
2025) and also offers an optional integration with Crossref to
correct and complement the extracted data, enabling us to
retrieve DOIs for references where they were initially missing.
Since each proposal could be associated with multiple
experiment reports, we joined all unique titles into a single
text block, did the same with the abstracts, and compiled the
references into a single list.

A total of 5384 proposals were collected, with the following
associated metadata (refer to Fig. 2):
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Figure 2

This figure illustrates the processing of the raw metadata pulled from the
ESRF data ecosystem. The Titles are joined to form a singular Title.
GROBID was used to process the experiment reports into structured
texts and citation information. These structured texts are combined with
the Abstracts to form the Abstract. The same was done with the Scientific
Disciplines, which were used as a proxy for ‘Journal name’. The refer-
ences extracted using GROBID include the DOIs, allowing them to be
linked to their OpenAlex IDs via the OpenAlex repository. This gave the
Citations. Similarly, the publications were mapped to their OpenAlex IDs
via DOIs, resulting in the collective Publications. The dashed squares
represent unique identifiers that link the various elements. The Title,
Abstract, Citations, ‘Journal name’, and/or Publications were the inputs
to the OpenAlex model for topic classification of the proposals.

(i) Title: textual information accessed from the ESRF data
ecosystem.

(ii) Abstract: textual information accessed from the ESRF
data ecosystem, together with the content extracted from the
experiment reports using GROBID.

(iii) Citations: publications cited as reference in the
experiment report; their DOIs were extracted using GROBID
and linked to their counterpart OpenAlex IDs via the
OpenAlex repository.

(iv) ‘Journal name’: the Scientific Disciplines accessed
through the metadata tags assigned to the experiment sessions
in the ESRF data ecosystem.

(v) Publications: the DOIs of publications were traced from
their origin proposals using the unique proposal numbers,
and then linked to their corresponding OpenAlex IDs via
OpenAlex.

3.2. Applying the model

A total of two different combinations of data were passed
into the model, with each reflecting the data available at
different stages of the science lifecycle:

Combination 1: the four core inputs as defined in Section 3.1
(Title, Abstract, Citations, ‘Journal name’). This is what can be
expected to be available at the proposal submission stage.

Combination 2: the four core inputs plus the Publications
associated with the proposals. All of this information would be
available at the last stage of the science lifecycle, when the
experiments have concluded and the results have been written
up and published.

The first combination reflects the data available to the
planned live service, while the second could be used for back-
classification of historical proposal documents that have been
archived. Both applications of the model were carried out for
all 5384 proposals, resulting in two sets of data that have been
uploaded to the GitHub repository (Tan, 2024-2025). Since
investigating the feasibility of the live service was the
immediate priority, the evaluation exercise was conducted for
only the first combination.

3.3. Evaluation exercise

The evaluation exercise had two objectives:

(i) Primary objective: evaluate the feasibility of a live
service to perform topic classification in real time. The idea of
the live service is to provide the beam-time applicants with a
list of possible Topics for selection. Given that the suggestions
will be verified on the spot by the applicants, the service is
considered successful if at least one Topic is correct. If not, the
live service must still accurately narrow down the available
choices by providing a sufficient set of accurate Subfields and
Fields, enabling the applicants to select the correct Topics
themselves.

(i) Secondary objective: evaluate the feasibility of
performing topic classification on previously submitted
proposals. The requirements for this task are much stricter
because there is no easy way to verify the predictions, unlike in
the case of the live service. Consequently, both the model’s
Precision (the fraction of Topic predictions that are actually
relevant) and Recall (the fraction of all relevant Topics that
were successfully captured) must be very high, in spite of the
absence of publication information due to the choice of
Combination 1 (see Section 3.2), to prevent frequent
misclassifications from being introduced into the historical
data.

Although the model was applied to all 5384 proposals, only
209 of them had the full set of input data. Specifically, the
proposal must fulfil all the following criteria:

(i) Have a Title.

(ii) Have an Abstract.

(iii) Have at least one reference with a DOI, i.e. at least one
Citation.

(iv) Have an assigned Scientific Discipline, which is used as
a proxy for ‘Journal name’.

The missing data are likely due to extraction errors by the
GROBID tool and gaps or omissions within the ESRF data
ecosystem, and there is no reason to believe that the missing
data are systematically different from the available data. In a
live service scenario, the Title, Abstract, and Scientific Disci-
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Distribution of proposals across Scientific Disciplines

50

Number of proposals

Scientific Discipline
Figure 3
Bar chart of the distribution of the 209 proposals used for the evaluation
exercise across ESRF Scientific Disciplines.

pline would be available (as they are usually mandated by
facilities), so these 209 proposals are fairly representative of
what can be expected. The only caveat is that Citations are
not guaranteed to be available (see discussions in Sections 4.4
and 5).

Furthermore, the distribution of these proposals across the
Scientific Disciplines (Fig. 3) roughly matches that of the
original 5384 collected proposals (Fig. 4). Since the actual
distribution of all submitted proposals is not publicly avail-
able, the total number of requested beam-time shifts from
2020 to 2024 was used as a proxy for the true distribution. This
beam-time shift data, calculated from the 2020-2024 ESRF
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Figure 4

Normalized distributions of proposals and shifts requested across the
Scientific Disciplines. The distributions for the 209 proposals being used
for the evaluation exercise (which only covers the period from 2020 to
2024), the 5384 total collected proposals, and the total shifts of beam time
requested from 2020 to 2024 are normalized and compared in this plot.
The comparison shows that the distributions are largely similar, with
‘Macromolecular Crystallography’ proposals possibly being under-
represented within the proposals used for the evaluation exercise.

Table 2

Reviewer-to-Scientific Discipline Assignments.

ESREF Scientific Disciplines
CH ES EV HC HG LS MA MD ME MI MX SC

Reviewer 1 @ °

Reviewer 2 @

Reviewer 3 e o ° ° °
Reviewer 4 ° ° ° ° ° °
Reviewer 5 ° °

Reviewer 6 @ °

Reviewer 7 °

Reviewer 8 ° °

Reviewer 9 °
Reviewer 10 °

Reviewer 11 ° °

Reviewer 12 ° ° °

Reviewer 13 ° °

Reviewer 14 o ° °

Reviewer 15 °
Reviewer 16 °

Reviewer 17 °

Reviewer 18 °

Highlights documents (ESRF, 2020; ESRF, 2021; ESRF, 2022;
ESREF, 2023; ESRF, 2024), also yield a close match to the
reviewed proposals. This suggests that the evaluation set is a
representative sample, with two key caveats:

(i) The ‘Macromolecular Crystallography’ proposals appear
to be under-represented. This is likely because many of them
are Block Allocation Group (BAG) proposals. Since these
BAG proposals bundle many experiments into a single
proposal, they represent a high volume of beam time despite
the low proposal count. Separately, it is worth noting that their
wide-ranging scope would make them harder to classify than
more specialized non-BAG proposals.

(ii) The sample size is small for all Scientific Disciplines
except ‘Applied Material Science’, ‘Hard Condensed Matter
Science’, ‘Chemistry’, and ‘Soft Condensed Matter Science’.

For any statistical analysis grouped by the Disciplines, it
would be better to consolidate the proposals with small sample
sizes into an ‘Others’ category (Section 4).

Finally, reviewing 209 proposals is just a much more
manageable task that still provides enough information to
achieve the objectives outlined above.

Eighteen domain experts (all of whom are authors of this
paper) were selected as reviewers and assigned to the 209
selected proposals based on the Scientific Disciplines. To
mitigate individual subjectivity and ensure scientific rigour,
each proposal was independently evaluated by three
reviewers. This also enabled the analysis of the inter-reviewer
agreement; a high level of agreement between the reviewers,
whether concluding the predicted Topics are relevant or
irrelevant, would serve as a strong validation signal. Conver-
sely, low agreement or high uncertainty would suggest that the
title and abstract were poorly written, meaning that the model
cannot be blamed for misclassification.

The full list of reviewers and their assigned Scientific
Disciplines (ESRF categorization, see Section 1.1) can be
found in Table 2.

For each proposal, the reviewer was provided with the title,
abstract, references, Scientific Disciplines, the URLs of the
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experiment reports, and the predicted Topics, Subfields, and
Fields. They were instructed to read the title and abstract (and
the supplementary information if needed), and assess the
Topics by selecting ‘Relevant’, ‘Not relevant’, or ‘Unclear’
from a drop-down menu.

If all Topics were rejected as ‘Not Relevant’ and/or
‘Unclear’, they would move on to evaluate the Subfields,
which are one level higher in the classification scheme. If all
Subfields are deemed to be ‘Not relevant’ and/or ‘Unclear’ as
well, they proceed to review the Fields, which are another
level up in the hierarchy. This tiered evaluation ensured the
accuracy of the broader categories, allowing users to more
easily narrow down and select the appropriate topics, even if
the initial predicted list was rejected. Crucially, this approach
made the evaluation process lightweight and minimized the
substantial workload inherent in having three reviewers
evaluate each proposal, albeit at the cost of forfeiting the
complete evaluation of all underlying Subfields and Fields.

To illustrate the review interface, a ‘Hard Condensed
Matter Science’ proposal (Chang et al., 2024) is presented as a
representative example of the metadata and model outputs
evaluated by the reviewers — see Fig. 5. In this particular case,
the reviewer had evaluated all Topics as ‘Relevant’. Hence,
there was no need to evaluate the Subfields and Fields.

Note that this evaluation exercise does not capture any
information about Topics that are relevant but not predicted
by the model at all (false negatives). To reduce reviewer
workload, we prioritized evaluating Precision over Recall.
This trade-off aligns with our primary objective to investigate

An example from the evaluation exercise

Proposal Number: HC-4422

Date Collected: 2021-09-15

Title: Probing the low-energy orbital texture of Mott insulating Ca2RuO4

Abstract: Spin-orbit coupled systems display a rich variation of intricate quantum matter
phases. The Mott insulating states of Sr2IrO4 and Ca2RuO4 are thought to be triggered by a
combination of electron correlations and spin-orbit coupling. In Ca2RuO4, where spin-orbit
coupling has a comparable energy scale to the crystal field splitting’s, neutron scattering has
successfully probed dispersive single magnon excitations. However, neutron scattering does
not provide insight into the orbital character of these excitations. It is widely believed that
interactions responsible for the Mott insulating state are encoded into this orbital texture.
With the improvements provided by the ERIXS spectrometer, it is now possible to probe
both orbital and spin excitations simultaneously in Ca2RuO4. We therefore propose to study
the low-energy spin-orbital excitation spectrum of Ca2Ru0O4 via the oxygen K-edge at which
ID32 delivers an energy resolution just below 30 meV.

Public Experiment Report(s): https://ftp.esrf.fr/pub/UserReports/95610_B.pdf
Scientific Discipline: Hard Condensed Matter Science

Instrument: ID32 - Soft X-ray spectroscopy

References: Jain, A., Krautloher, M., Porras, J., Ryu, G. H., Chen, D. P., Abernathy, D.
L., Park, J. T., Ivanov, A., Chaloupka, J., Khaliullin, G., Keimer, B., & Kim, B. J. (2017).
Higgs mode and its decay in a two-dimensional antiferromagnet. Nature Physics, 13(7),
633-637. https://doi.org/10.1038/nphys4077

Predicted Topic 1: Advanced Condensed Matter Physics [Relevant/Unclear/Not relevant]
Predicted Topic 2: Physics of Superconductivity and Magnetism [Relevant/Unclear/Not
relevant)

Predicted Topic 3: Magnetic and transport properties of perovskites and related materials
[Relevant/Unclear /Not relevant]

Predicted Subfield 1: Condensed Matter Physics [Relevant/Unclear/Not relevant]
Predicted Subfield 2: Electronic, Optical and Magnetic Materials
[Relevant/Unclear/Not relevant]

Predicted Field 1: Physics and Astronomy [Relevant/Unclear/Not relevant]

Predicted Field 2: Materials Science [Relevant/Unclear/Not relevant]

Figure 5
An example from the evaluation exercise.

feasibility of a live service, in which real-time validation by
domain experts is available and the TopK hyperparameter
(see Section 2.4) can be increased to boost Recall. In addition,
the variance in reviewer responses would likely be quite high
if they were to identify missing Topics. Some reviewers may be
more lenient and only identify the most glaring omissions,
while others may be more meticulous and identify a much
larger number of missing Topics. This would make the Recall
value less reliable and less actionable than that of Precision,
which is more straightforward for reviewers to evaluate and
for us to interpret. As a result, we are relying on the proposal-
based Precision value to gauge model performance against our
secondary objective for now, with the expectation that the
Recall value will be investigated in future work when the
live service allows proposal authors to validate predictions
in real time.

4. Evaluation results and analysis

The bulk of the evaluation datapoints is derived from the
Topic predictions. While most proposals have three Topic
predictions, Proposal EV-514 (Ciani et al., 2026) is the sole
exception, with only two. This discrepancy occurs because the
model’s post-processing stage (see Section 2.4) can filter out
candidates from the initial top three. This leads to a total of
626 Topic predictions across the 209 proposals. Given that
each proposal is assigned three reviewers, the set of Topic
ratings comprises 1878 datapoints. A minority of proposals
required deeper review when their Topic predictions were
uniformly ‘Unclear’ and/or ‘Not relevant’ (see Section 4.2.1
for details). This necessitated an evaluation of the Subfields
and, in some cases, the broader Fields, yielding an additional
set of datapoints. This brings the total number of datapoints
resulting from the evaluation exercise to 2110.

We begin by examining the inter-rater agreement among
the independent reviewers (Section 4.1). We then analyse the
performance of the model primarily at the Topic level (Section
4.2). However, we also extend this analysis to the Subfields
and Fields in those specific cases where the Topics predictions
completely fail to capture the essence of the proposal (Section
4.2.1). In addition, we compare our reviewer evaluations with
the model’s own confidence score in Section 4.2.2. We also
summarize and discuss the observations and comments made
by the reviewers throughout the evaluation exercise (Section
4.3). Lastly, we carry out an ablation study in Section 4.4.

The ratings are converted to a numerical value to facilitate
the calculation of the inter-rater agreement and model
performance metrics: Relevant — 1; Unclear — 0.5; Not rele-
vant — 0.

Statistical measures are also calculated for each Scientific
Discipline. As noted in Section 3.3, the Disciplines with
limited sample sizes are aggregated into an ‘Others’ category.
These Disciplines are: ‘Earth Science’, ‘Environment’,
‘Cultural Heritage’, ‘Life Sciences’, ‘Medicine’, ‘Engineering’,
‘Methods and Instrumentation’, and ‘Macromolecular Crys-
tallography’.
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4.1. Inter-rater agreement

The inter-rater agreement quantifies the degree of consis-
tency in the reviewers’ assessments. A high agreement score
suggests that the proposals (or more specifically, the titles and
abstracts) are written with sufficient clarity for domain experts
and that the Topics are well defined and consistently inter-
preted across the reviewers. In this analysis, we chose to use
three distinct metrics to provide a robust and comprehensive
measure of agreement: Fleiss’ kappa, Randolph’s kappa, and
Krippendorff’s alpha.

Fleiss’ kappa (Fleiss, 1971) is an extension of Cohen’s kappa
(Cohen, 1960), which can only be used for two raters
(McHugh, 2012), that measures the extent to which the
agreement among the multiple raters exceeds what would be
expected by random chance,

N

P—
1—

<, ¢))

c

K =

N

where P is the mean proportion of all ratings that are in
agreement for each sample across all raters, and P, is the mean
proportion of agreement that would be expected to occur
purely by chance, calculated using the observed distribution of
ratings. The numerator (P — P,) would then represent the
degree of agreement observed above what is expected by
chance, while the denominator (1 — P.) is the maximum
possible amount of agreement above chance.

Randolph’s kappa (Randolph, 2005) is a modification of
Fleiss’ kappa that assumes a uniform distribution of rating
categories as the benchmark P., rather than the marginal
sample distribution. Both Fleiss’ kappa and Randolph’s kappa
are calculated for nominal categorical data. As a result, they
make no distinction between the severity of different types of
disagreements, treating the mathematical distance between
any two distinct categories, such as ‘Relevant’ versus ‘Unclear’
and ‘Relevant’ versus ‘Not relevant’, as identical.

In contrast, Krippendorff’s alpha (Krippendorff, 2019) is
capable of assessing data measured on any scale, including
nominal. When applied to ordinal data, it incorporates a
weighted measure of disagreement, which correctly reflects
the magnitude of disagreements between raters.

Fleiss” kappa and Randolph’s kappa were calculated using
the statsmodels library (Seabold & Perktold, 2010), while
Krippendorff’s alpha was calculated using the Fast Krippen-
dorff Python package (Castro, 2017). The results are
summarized in Table 3.

All three metrics range from —1 (systematic disagreement)
to +1 (perfect agreement), with O representing chance agree-
ment, i.e. the reviewers made their ratings as if completely at
random.

The consistently positive but relatively low values calcu-
lated in Table 3 indicate a general consensus among the
reviewers, albeit with a notable degree of variance. This
highlights the inherent subjectivity and difficulty of classifying
scientific text even for domain experts, as shown by the
consistency of these scores across all Disciplines.

Table 3
Inter-rater agreement metrics by Scientific Discipline.
Fleiss’  Randolph’s  Krippendorff’s

Scientific Discipline kappa  kappa alpha
Chemistry 0.463 0.547 0.574

Hard Condensed Matter Science ~ 0.511 0.652 0.616

Applied Material Science 0.391 0.514 0.497

Soft Condensed Matter Science 0.418 0.443 0.614

Others 0.381 0.440 0.513

All 0.445 0.525 0.572

4.2. Model performance

We now proceed to use the reviewer evaluations as a proxy
for the models’ performance. Specifically, we take the average
of the three reviewers’ scores for each prediction and interpret
the resulting values primarily through the lens of our two
objectives defined in Section 3.3. Note that, due to the three-
point evaluation scale, possible mean scores are restricted to
the set

S =10, 0.167, 0333, 0.5, 0.667, 0.833, 1},  (2)

where each value s € S represents a possible mean reviewer
score. We establish s > 0.5 (which is equivalent to s > 0.667) as
the baseline threshold for ‘correctness’. We then evaluate the
model’s performance against increasingly stringent bench-
marks as s moves toward 1, allowing us to observe how
performance fluctuates under stricter consensus requirements.

Our primary objective is to assess the viability of a hypo-
thetical live service. Recall that we consider the application
successful if it generates at least one relevant Topic. Our
secondary objective is to investigate the feasibility of retro-
spective topic classification on past proposals using the model.

Referring to Table 4, the proportion of proposals with at
least one ‘correct’ Topic prediction is high across all Scientific
Disciplines. Even the proportions for >2 Topics are consis-
tently high enough across the Disciplines for the model to be
useful in a live service setting. However, the proportion of
proposals with three ‘correct’ Topics is low. These observa-
tions hold for the different consensus requirements, with
performance unsurprisingly degrading as 7 (the threshold for
‘correctness’) increases. This means the model rarely achieves
perfect Precision; not all Topics it identifies as relevant are
truly so. To quantify this, we calculate the proposal-based
Precision using the following formula,

TP
" TP+ FP’

where TP is the number of true positives (predicted Topics
with s > t = 0.667, which is the baseline threshold for
‘correctness’) and FP is the number of false positives
(predicted Topics with s < T = 0.667). By calculating this ratio
for every individual proposal and averaging the results, we
arrive at an overall Precision score of 56.0%.

This relatively low Precision is manageable in a live setting
where proposal authors can verify predictions in real time, but
it becomes unacceptable for autonomous applications lacking
human oversight. In addition, this evaluation exercise fails to
account for Recall, which measures the model’s ability to

P 3)
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Table 4
Number/proportion of proposals with at least n Topics with mean
reviewer score s > t, where t is the threshold for ‘correctness’.

Scientific Discipline > 1 Topic > 2 Topics 3 Topics Total

(a) T = 0.667

Chemistry 38 (884%) 22 (512%) 6 (14.0%) 43

Hard Condensed Matter 44 (97.8%) 36 (80.0%) 12 (26.7%) 45
Science

Applied Material Science
Soft Condensed Matter

46 (97.9%)
26 (89.7%)

31 (66.0%)
16 (55.2%)

11(234%) 47
1(345%) 29

Science
Others 38 (84.4%) 21 (46.7%) 3 (6.67%) 45
All 192 (91.9%) 126 (60.3%) 33 (15.9%) 209
(b) T=10.833
Chemistry 34 (791%) 13 (302%) 1(233%) 43
Hard Condensed Matter 43 (95.6%) 32 (71.1%) 6 (13.3%) 45
Science

Applied Material Science
Soft Condensed Matter

41 (87.2%)
23 (79.3%)

21 (44.7%)
10 (34.5%)

6 (128%) 47
1(345%) 29

Science
Others 32 (71.1%) 10 (222%) 1(222%) 45
All 173 (82.8%) 86 (41.1%) 15 (7.18%) 209
(c)t=1
Chemistry 31 (721%) 10 (233%) 0(0.00%) 43
Hard Condensed Matter 38 (84.4%) 29 (64.4%) 4 (889%) 45
Science

Applied Material Science 39 (83.0%) 15 (31.9%) 1 (2.13%) 47

Soft Condensed Matter 19 (65.5%) 6 (20.7%) 0(0.00%) 29
Science

Others 28 (622%) 4 (8.89%) 0(0.00%) 45

All 155 (74.2%) 64 (30.6%) 5 (2.39%) 209

identify all truly relevant Topics. This lack of data regarding
false negative rates further weakens the case for autonomous
use.

As noted above, the post-processing stage of the model (see
Section 2.4) introduces the possibility of proposals with fewer
than three total Topic predictions. Proposal EV-514 is the only
such case among the 209 proposals, with two predicted Topics.
All three reviewers deemed these two Topics as ‘Not relevant’,
with one reviewer even pointing out that the extracted refer-
ences do not match the proposal [see point (iv) in Section 4.3].
Hence, this outlier proposal is automatically accounted for
in Table 4.

Analysis of the model’s classification failures reveals three
primary edge cases:

(i) Niche experimental scope: proposals detailing unique
experiments that likely lack the common linguistic markers of
the correct classifications.

(ii) Broad categorical range: BAG proposals that span a
wide variety of themes, making them difficult to pin to specific
Topics. This was anticipated in Section 3.3.

(iii) GROBID extraction artefacts: technical failures where
the GROBID tool incorrectly extracted non-existent refer-
ences from the source documents, introducing noise into the
classification process. This was noted by several reviewers
(Section 4.3).

4.2.1. Subfield and field recovery rates

In cases where all Topics are deemed ‘Unclear’/'Not rele-
vant’ by a reviewer, they were instructed to evaluate the

Subfields. If the same happens for the Subfields, the reviewer
proceeded with evaluating the Fields.

Of the 73 instances where no Topics were found ‘Relevant’,
55 (75.3%) contained at least one relevant Subfield. Among
the remaining 18 cases, 8 included at least one ‘Relevant’
Field. This suggests that even when granular Topic predictions
fail entirely, the broader taxonomic hierarchy (Subfields and
Fields) serves as a reliable fallback; in a live service context,
this allows the model to guide users towards the correct area in
86.3% of these initial failure cases.

4.2.2. Root mean square error

We can also compare the mean reviewer scores with the
model’s own confidence scores. Recall that each predicted
Topic i has an associated probability of relevancy p;, which the
model uses to select the top three predictions for each
proposal. Using these two sets of scores, we calculate the root
mean square error to be 0.565. This large error is unsurprising,
given that the top predictions often yield p; > 0.9, which is
functionally equivalent to all three reviewers marking the
Topic as ‘Relevant’. In contrast, the inter-rater agreement
scores and the values calculated in Table 4 indicate that such
consensus is actually quite uncommon in practice.

4.3. Reviewer comments

The reviewers were given the option to leave comments for
each proposal during the evaluation exercise. There were
several common and important observations that we have
summarized below:

(i) The keywords and descriptions assigned to each Topic
are sometimes inconsistent with the Topic name, creating
confusion about the Topic’s actual meaning. This concern was
raised during the initial stage of the evaluation exercise and
resulted in the prompt removal of the descriptions and
keywords to mitigate the issue.

(i) The Topic names themselves are often vague. For
example, Topic 10413, ‘High-pressure geophysics and mate-
rials’, seems to be a combination of two distinct areas: mate-
rials science at high pressure and high-pressure geophysics.
Unfortunately, the keywords and descriptions could not be
used to clarify meaning of the Topic name due to the bullet
point above.

(iii) The model occasionally prioritized peripheral
terminologies over the core subject matter of a proposal,
resulting in incorrect classifications. For example, in Proposal
HC-5077 (Dewacele et al., 2025), the mention of a ‘laser-heated
diamond anvil cell’ was interpreted as a direct focus on
diamond materials research, despite the fact that the word
‘diamond’ is merely a descriptive term for a type of scientific
device. This indicates that the model failed to differentiate
between a research subject and an instrument descriptor.

(iv) GROBID made unexpected mistakes with some of the
experiment reports. For example, GROBID extracted three
non-existent references from Proposal ES-1032 (Brugger,
2025). Fortunately, the model was still able to make good
predictions in that particular case. In addition, only 5 (2.39%)
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Table 5
Ablation study of each feature for the 209 experiment proposals.

Number of proposals with
different outputs

Title 122 (58.4%)
Abstract 184 (88.0%)
Citations 129 (61.7%)
Scientific Discipline 10 (4.78%)

Excluded feature

Table 6
List of proposals with different outputs after excluding Scientific Disci-
pline.

The “Topic ID and label’ column represents the Topics that were dropped by
the model when the Scientific Discipline was excluded.

Proposal Mean
number  Topic ID and label score
CH-5953 11279: Lanthanide and Transition Metal Complexes 0.667
CH-6158 10152: Animal Nutrition and Physiology 0.5
ES-1266 11733: X-ray Spectroscopy and Fluorescence Analysis 0.833
MA-4760 13104: Chemical and Physical Properties of Materials 1
MX-2415 12104: Protein Tyrosine Phosphatases 0.167
MX-2443 11162: Enzyme Structure and Function 0.667
SC-5103  10343: Hydrogels: synthesis, properties, applications 1
SC-5228 10666: Photonic Crystals and Applications 1
SC-5319  10729: Electrospun Nanofibers in Biomedical Applications 0.167
SC-5384  11799: Adhesion, Friction, and Surface Interactions 0.667

of the 209 proposals were singled out by the reviewers as
having seemingly incorrect references. This suggests that
GROBID parsing error is not common for bibliographic data.

4.4. Ablation study

In this section, we examine the individual contributions of
each feature (Title, Abstract, Citations, and Scientific Disci-
pline) to the model output. In the absence of ground truth
labels for the proposals, we rely on the output variance rate as
a proxy for feature importance. Specifically, we quantify the
independent influence of each feature by calculating the
percentage of proposals that yield divergent outputs when the
feature is excluded (see Table 5).

The results suggest that the Abstract has the most influence
on the model output. This contrasts with the ablation study
carried out by OpenAlex (OpenAlex, 2024a), which indicated
that the Citation feature is the most important factor in model
performance. The reason for this discrepancy is not clear, but
it could be due to the different metric being used for feature
importance, as the OpenAlex team had access to ground truth
labels. Nevertheless, both studies are in agreement that the
Title, Abstract, and Citations features have noticeable influ-
ence on model performance. Fortunately, we can expect
experiment proposals to always have the Title and Abstract as
synchrotron facilities usually mandate their inclusion. In
contrast, proposals do not necessarily contain Citations, and a
total absence will significantly degrade model performance.
Interestingly, the correlation between the number of refer-
ences and the mean score is very weak (Pearson = —0.0136,
Spearman = 0.0271), which suggests that, while a complete
lack of Citations is detrimental, sparse referencing is still
acceptable.

Our findings also indicate that the Scientific Discipline had
no influence on the final model output in most cases. In the
minority of cases in which it led to a different Topic prediction,
the Topic was generally deemed relevant by the domain
experts (see Table 6), suggesting that the Scientific Discipline
only plays a small role in steering the model in the right
direction. This mirrors the findings of the OpenAlex team,
which reported that the journal name feature provides a weak
signal to the model (OpenAlex, 2024a). Hence, while the
Scientific Discipline provides only a marginal gain, our initial
decision to use it as a functional proxy for journal names is
empirically justified.

5. Summary

This paper investigates the feasibility of applying the Open-
Alex model and its classification scheme to synchrotron
experiment proposals. We chose ESRF proposals as the case
study for two main reasons: first, ESRF is actively interested in
implementing a live topic classification service based on the
OpenAlex ecosystem; and second, the openness of their data
ecosystem allows for the necessary study and publication of
results. Crucially, the inherent similarity of synchrotron
experiment proposals means that our findings are general-
izable across most, if not all, synchrotron facilities.

We applied the OpenAlex model to a total of 5384 ESRF
experiment proposals, and carried out an evaluation exercise
with 18 domain experts on 209 of them. Each proposal was
independently assessed by three reviewers. We then
conducted an analysis of the results, mainly by considering the
inter-rater agreement and the reviewers’ assessment of the
model’s predictions. We found that:

(i) The model is accurate enough for a live service imple-
mentation, in which the predictions would be reviewed on the
spot by the proposals’ authors, who can be considered the final
authorities on the subject matter of their respective proposals.

(ii) The model is not accurate enough to classify proposals
without human expert oversight. This means that it should not
be used for previously submitted proposals, where the authors
would not be present to validate the results. The model
particularly struggles with broad proposals that cover a range
of topics, such as BAG proposals.

(iii) GROBID is a very powerful tool for extracting struc-
tured information from the experiment reports, but it occa-
sionally fails in its parsing, which directly compromises the
model’s predictions. Hence, the unstructured free text nature
of the reports presents a significant bottleneck to the model’s
performance. Future studies should investigate the use of
alternative PDF parsing tools (Siebenschuh et al., 2025).

(iv) The OpenAlex classification scheme provides a
comprehensive and robust controlled vocabulary and
taxonomy for experiment proposals. However, some of the
descriptions and keywords do not seem to match their
corresponding Topic labels and would have to be updated.
Given that OpenAlex is still in active development, this is not
expected to be a long-term issue. In the meantime, the
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descriptions and keywords can be excluded from any live
service implementations.

We also note the following caveats:

(i) The proportion of ‘Macromolecular Crystallography’
proposals (among the 209 reviewed proposals) is under-
represented relative to its expected frequency in the overall
proposal pool.

(ii) The sample size is small for ‘Earth Science’, ‘Environ-
ment’, ‘Cultural Heritage’, ‘Life Sciences’, ‘Medicine’, ‘Engi-
neering’, ‘Methods and Instrumentation’, and ‘Macro-
molecular Crystallography’ proposals. Aggregating these eight
Scientific Disciplines into a single ‘Others’ category may
obscure field-specific variance and limit generalizability of the
model. Hence, model predictions for proposals under these
Scientific Disciplines would have to be scrutinized more
carefully,. However, such proposals are unlikely to be
encountered frequently during real-world model deployment,
since they are inherently under-represented in reality.

(iii) The evaluation exercise does not capture information
regarding relevant Topics that the model completely failed to
predict (i.e. missing relevant Topics). Therefore, the metrics
used to judge model performance in Section 4.2 are based on
Precision rather than Recall values.

(iv) The model depends heavily on Citations, but there is no
guarantee that proposals will include them. In such cases, the
broader classifications (Subfields) can be used to guide the
selection of Topics. This guided discovery workflow, described
in Section 5.1, acts as a fallback option when Citations are
completely absent. Fortunately, the model is robust against
sparse referencing.

(v) The 209 proposals used for the evaluation exercise were
selected for data completeness rather than at random. This
non-random selection may introduce biases related to
unforeseen variables, which would limit the representativeness
of the evaluated sample set.

With these points in mind, we can recommend the imple-
mentation of a live topic classification service that uses the
OpenAlex model and classification scheme, with a couple of
suggestions to maximize the model’s performance as part of
a live service:

(1) Increase the number of predictions shown by the model.
The current Topic prediction mechanism utilizes a default
TopK parameter value of 3, which restricts the model’s initial
output to the three highest-scoring predictions. The subse-
quent heuristic post-processing filter, based on prediction
score criteria defined by the OpenAlex team, may further
reduce this number. The live service will present the model
output as a selectable list to users. Since the users essentially
function as domain experts validating the predictions, the
system should prioritize Recall (the likelihood of a relevant
Topic being present) over strict Precision at the initial
suggestion stage. This can be achieved by increasing the TopK
value and relaxing the thresholds applied in the post-proces-
sing step. This will present users with a broader set of candi-
date Topics for selection.

(2) Transition to a structured proposal data entry system.
Users currently submit their proposals in the form of PDF

documents containing free text. This makes it challenging to
extract the necessary data in a structured format for input to
the model, especially since the GROBID tool is not infallible
at parsing the documents. Replacing the current free text entry
with specific, predefined sections within the user submission
portal bypasses the need for GROBID or any other PDF
parser tool.

5.1. Live service

This discussion explores a theoretical implementation of
this service, where GROBID and the OpenAlex ecosystem are
integrated into a generic User Portal, which acts as a proxy for
standard proposal submission platforms.

Referring to Fig. 6, the beam-time applicant, or User,
submits their proposal documents along with other necessary
information on the User Portal, and the relevant data are
extracted and processed to be fed into the OpenAlex model.
The predicted Topics will then be displayed to the applicant to
be verified in real time. If specific Topics are missing, the
applicant can use the predicted Subfields as filters to locate
them; this approach is validated by our findings in Section
4.2.1. Should this fail, the User can also manually navigate the
classification scheme, starting from the Domains and Fields
(which are small enough in numbers), to find the missing
Topics. This hierarchical filtering approach, illustrated in
Fig. 7, provides a guided discovery process with a reliable
manual fallback.

A key consideration is the expected latency for the live
service, specifically the GROBID parsing and the model

Sent back for verification in real time

_______________ UserPortal _ _______ ___
i N E
(] ! Title/Abstract |1
- Scientific H
Beamtime Proposal L Discipline '
applicant ;
i i
i i
i i
i i
i References i
o |
i OpenAlex IDs OpenAlex » Topics i
] for references model ]
! OpenAlex i
' snapshot :
"""""""""""""""" Live service T
Figure 6

A visual representation of how a real-time topic classification service
could be integrated into the beam-time application process. The DOIs of
the references are extracted from the proposal document using
GROBID, before being mapped to their corresponding OpenAlex IDs
using a snapshot of the OpenAlex repository (or via an API call). The
IDs, along with the pre-captured structured fields (Title, Abstract, and
Scientific Discipline), are passed into the OpenAlex model. The resulting
list of Topics is then sent back to the applicant for verification in real time.
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A flowchart of the verification process, representing a guided discovery workflow with successive refinement. The process starts with the predicted
Topics, transitions to Subfield filtering in the event of verification gaps, and terminates in a manual hierarchy navigation to ensure 100% classification

coverage.

inferencing. GROBID took 52.39s for a test run of 10
experiment report PDFs on a MacBook Pro (2023) with an
Apple M3 Pro chip, 18 GB of memory, and no explicit parallel
processing setup. This translates to a throughput of 5.24 s per
document. Model inferencing performed on the 5384 propo-
sals took about 16 min on the same MacBook Pro setup. This
is equivalent to roughly 0.178 s per proposal on average. An
actual live service would presumably have access to more
advanced hardware, including powerful GPUs. Hence, the
expected throughput in a live service setting can reasonably be
estimated to be no more than a few seconds per proposal.

In the short term, the live service would fulfil the aim of
enhancing metadata granularity of experiment proposals. In
the long-term, the system would provide user-validated data
that can be used to refine the current model or to train a
completely new model that specializes in synchrotron-related
technical documents, which could address the challenge of
retrospective classification of past proposals.

Furthermore, the live service would also provide another
source of feedback for the OpenAlex team, which can be used
to further refine the classification scheme and the model
architecture. For example, users of the live service can identify
gaps in the classification scheme, which can be used to inform
future updates and revisions.

5.2. Future of OpenAlex within the synchrotron community

The inclusion of proposals and experiment reports into
bibliographic databases like OpenAlex is necessary to estab-
lish a complete record of the research lifecycle, enabling the
scientific community to trace the evolution of a research
activity from its foundational concept and experimental design
(the proposal and report) to the subsequent data and publi-
cations. This would greatly improve research transparency and
understanding. Furthermore, a centralized repository that
includes proposals and reports unlocks significant data mining
opportunities, allowing researchers and funding bodies to
track emerging research trends and methodological shifts long
before they appear in formal publications. Crucially, it would
also provide new ways to evaluate the scientific impact and
return on investment of facility time (especially relevant since
the proposals can be considered a ‘grant-in-kind’ from the
perspective of the facility), by quantitatively linking the initial
funding and resources allocated to the final scholarly output.

Currently, ESRF experiment proposals are indexed in
OpenAlex as ‘Awards’, a designation that reflects their status
as ‘grants-in-kind’. Most of these data are sourced via
Crossref, which indexes publications and captures associated
award metadata. However, coverage is inconsistent across
journals and is largely limited to ESRF. In addition, the
ingested metadata are limited to a simple ID, omitting critical
fields such as the title, abstract, and author list. Access to the
full text of the proposals is further restricted by initial
embargoes to protect researcher intellectual property. Finally,
although experiment reports could theoretically be ingested as
OpenAlex Works (as a ‘Report’ type with the facility, such as
ESRE, as the ‘Funder’), they remain completely absent.

Evidently, the full inclusion of proposals and experiment
reports into bibliographic databases is a challenge that is
hindered by both the facilities’ internal policies and the lower-
profile nature of these scholarly outputs among the academic
community.

Momentum is building towards addressing these challenges,
with various key stakeholders such as Wellcome and the
French government endorsing and adopting the OpenAlex
ecosystem. This work contributes to this collective effort by
validating the alignment of synchrotron data infrastructures
with this ecosystem. As OpenAlex continues to refine the
classification scheme and the planned live service improves
with the increase in User-verified datapoints, OpenAlex will
continue to gain prominence within the synchrotron commu-
nity, and, with it, the proposals and experiment reports among
the wider scientific community.

APPENDIX A
Model architecture

The OpenAlex topic classification model comprises a sentence
embedding model (Sentence Transformers, 2021), a title/
abstract classifier model (OpenAlex, 2024c), a lookup table,
and a feedforward neural network with three hidden layers;
the latter is also known as a multilayer perceptron (MLP). The
sentence embedding model creates numerical representations
of the journal names, called embeddings. The title/abstract
model was built by fine-tuning the BERT multilingual base
model (cased) (Devlin ef al., 2019) on title/abstract to perform
topic classification based only on the titles and abstracts of
Works. The MLP has three hidden layers using the Rectified

12 of 16

Terence Tan et al.

+ Topic classification of synchrotron experiment proposals

J. Synchrotron Rad. (2026). 33



computer programs

bert-based-multilingual-cased-finetuned-openalex-

topic-classification-title-abstract model

Classmcatlon
head

Transformer
encoder

Title/Abstract Embeddings

Pooled embedding

Embedding
Lookup layer

Citation 1

table - citation 1
features embeddings

Citations

Citation 2
embeddings
Embedding
layer

Citation 2
features

Transformer
encoder

Journal

e Embeddings

. all-MiniLM-L6-v2 model
Figure 8

Pooling
Pooling
Pooling

Multilayer
perceptron

»

Pooled

Citation 1 v

embedding % Concatenated
embedding

Pooled A
Citation 2

embedding

i Sentence
! embedding
i

The full OpenAlex topic classification model. Title, abstract, and journal name are processed by separate language models. The citations are first mapped
to two lists of integers, before being passed into an embedding layer. All these outputs are then pooled and passed into the multilayer perceptron.

Linear Unit (ReLU) activation function, followed by an
output layer with a sigmoid activation function. Using these
components, the model processes each input in the following
way (refer to Fig. 8 for a visual representation):

(i) Title/Abstract. The concatenated title and abstract are
passed into the title/abstract model, where they are first
broken down into smaller subunits known as tokens. These
could be individual words, punctuation, and/or subwords.
These tokens are then passed through the transformer
encoder to give contextualized vector representations known
as embeddings. These embeddings would normally go through
the title/abstract model’s classification head to give topic
predictions. However, in the case of the full model, the
embeddings are pooled, converting the sequence of embed-
dings into a compressed, lower-dimensional embedding
without losing too much of the contextual information.

(ii) Journal name. Similarly, the sentence embedding model
first tokenizes the journal name, then encodes the resulting
tokens, before pooling the resulting sequence of embeddings
to give a single sentence embedding that numerically repre-
sents the entire journal name.

(iii) Citations. The full model relies on what the OpenAlex
team refers to as gold citations to process the citations. These
gold citations represent the highest cited works for each Topic,
and their prominence is exclusive to that Topic. Each Topic
has about 10-75 gold citations, adding up to a total of
approximately 120000 gold citations. The list of citations are
filtered and grouped into two categories: Citation 1 (gold
citations) and Citation 2 (Works that directly cite a gold
citation). The lookup table first maps these Citation 1 and
Citation 2 entries to their respective Topics, and subsequently
maps these Topics to integers. This produces two distinct lists
of integers, called Citation 1 features and Citation 2 features,
which are then passed into an embedding layer. The resulting

embeddings are then pooled and ready for input to the MLP.
Fig. 9 shows a toy example of this process in terms of a
network graph.

The four input features, the pooled embedding of the title
and abstract, the pooled embedding of the journal name, the
pooled Citation 1 embedding, and the pooled Citation 2
embedding, are passed into the MLP to produce the output
vector p, as explained in Section 2.4.

Gold citation
for Topic 3

Gold citation
for Topic 2

Gold citation
for Topic 1

Figure 9

A toy example of the citation graph, adapted from OpenAlex (2024a).
The large golden circles denote Works that are gold citations for specific
topics. The remaining circles represent generic non-gold citation Works
and serve to illustrate how frequently the gold citations are referenced. In
this example, the blue circle corresponds to Work 0, which is the docu-
ment being classified. Work 0 has a ‘Citation 1’ feature, which is Topic 1 as
Work 0 directly cites the gold citation associated with that Topic. The
‘Citation 2’ feature of Work 0 is Topic 2, as Work 0 cites Work 1, which in
turn cites a gold citation of Topic 2. Because the citation path from Work
0 to the gold citation of Topic 2 spans two graph edges, Topic 2 is a
second-order citation feature of Work 0. Topic 3 is irrelevant in this case,
as Work 0 is more than 2 edges away.
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The data ecosystem linking ESRF research outputs. This figure illustrates
the web of information, connecting ESRF proposals to experiment
reports (via experiment session DOIs), and proposals to publications (via
proposal numbers), which are indexed by the ESRF library. Each
experiment session is tagged with metadata: Title, Abstract, Scientific
Discipline, and the URL to the associated experiment report. The dashed
squares represent unique identifiers that link the various elements.
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APPENDIX B
Getting the dataset

ESRF has made great progress towards the FAIRification of
their scholarly outputs, with the Data Portal (https://data.esrf.
fr) containing experiment data, with the Joint ILL-ESRF
Library (https://epn-library.esrf.fr/) that indexes publications
associated with ESRF and Institut Laue-Langevin (ILL)
experiments, and with the ICAT experiment metadata cata-
logue (Collaboration, 2014). The latter serves as the central,
secure repository for structured information about experiment
reports, datasets, and users, and can be accessed through a
web browser or programmatically via an API (https:/icatplus.
esrf.fr).

The various unique identifiers, both global (DOIs) and
local (ESRF-designated proposal numbers), enable traversal
between and within the ESRF data ecosystem and the
OpenAlex repository (see Fig. 10). This facilitated the
collection of the required data associated with each
proposal.
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