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Abstract

Global Environmental Assessments like the United Nations World Ocean Assessment II (WOA II) draw on thousands of scientific
articles, but the bibliographic metadata for those articles records where researchers work — not where they conducted their research.
A study of Arctic sea ice by a Dalhousie researcher is catalogued as Halifax. This gap makes it difficult to ask basic questions about
which marine regions are being studied. We built a prototype system to extract and map research locations from articles referenced in
WOA II. Using OpenAlex for bibliographic metadata and spaCy for named entity recognition, we identify place names in article
abstracts, geocode them using the Canadian Geographical Names Database and GeoNames, and display them alongside institutional
affiliations on an interactive map. Manual review of 68 articles shows the system performs well for studies referencing named
geological or physical features in northern Canada but struggles with administrative place names in southern regions where ambiguity
is higher. The tool is a first step toward spatial bibliometric analysis that maps where ocean science is done, not just who does it.

1. Introduction
1.1 Background

The World Ocean Assessments are a series of global
environmental assessment (GEA) reports published by the
United Nations (UN) to document the status of the world’s
oceans. The references of the World Ocean Assessment II
(WOAII) report have been used in prior work to create a corpus
of ocean research (Toupin et al., 2025) as each chapter contained
many references which had their own free and open bibliographic
metadata.

The metadata from these references are relevant for scientists to
identify gaps in research and for journalists to communicate
scientific information to the public. This metadata can be
explored by a user through interactive visualizations. A specific
metadata that has been rarely explored is the research location(s),
the specific areas of study that have been investigated by a
researcher. This is different from the geographic locations of the
institutional affiliations of the authors. As an example, a
researcher from Dalhousie University (the affiliated institution)
studied how tides in the Bay of Fundy (the research location)
were impacted by new infrastructure (Figure 1.1).

By extracting the affiliation and research location from the
metadata, both may be displayed on a map using latitude and
longitude, linking institutions with the sites of research. To the
best of our knowledge, finding and mapping research location(s)
of a scientific paper is an under-explored topic. This purpose of
this study was to develop a tool to extract and visualize research
locations from scientific journal articles.

Bay of Fundy
(Research Location)

) ﬂ Dalhousie University
" (Insitution)

Figure 1.1: An example of the difference between research
location and institutional affiliation.

2. Related Works

Several bodies of prior work inform this study. Researchers have
used GEAs as a basis for constructing literature corpora,
developed methods for extracting geographic information from
scholarly texts, and built tools for visualizing bibliometric data
geographically. Each of these areas has advanced independently,
but none has directly addressed how to extract and map where
research is actually conducted at scale.

Reports such as those from the UN or the Intergovernmental
Panel on Climate Change (IPCC) are created using carefully
selected lead authors who are authority figures in their field to
synthesize published work. Reports like these are invaluable for
governance and policy decision-making based on authoritative
sources (Evans et al., 2021). As a more readily available and
digestible format, GEAs like the WOAII report make information
available that is typically inaccessible (Cossarini et al., 2014). In
the case of the WOALII, interdisciplinary teams of 300 authors and
780 experts synthesized the “best available data and information”
(United Nations Office of Legal Affairs, 2021) along with
workshops, reviews, and input from members of the UN.
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GEAs have been used previously to create corpora of works
centred on a research area. The purpose of creating such corpora
can be to identify the cited research outputs and also new works
that cite the same references, linking them topically (Boyack &
Klavans, 2010; Kessler, 1963) and expanding the body of
literature. Toupin et al. (2025) used WOAII to create a set of core
works based on the references from the synthesis report and an
extended set of works based on citation relationships. They took
this approach in contrast to query-based approaches using
bibliographic databases as those methods have limitations on
topic assignment and search precision and accuracy (Kashnitsky
et al., 2024). GEAs have also been analysed for their impact on
governance and policy to increase transparency on knowledge
choices (Jacquemont et al., 2025). However, while GEAs such as
WOAI facilitate topical synthesis and citation-based corpus
construction, they do not provide mechanisms for analyzing the
geographic distribution of the underlying research sites, limiting
insights into which marine regions and environments are being
studied.

2.1 Scholarly Metadata

Each scholarly work, such as a conference paper, journal article,
or poster, has metadata (Table 2.1) that can be used by
visualization  systems such as  ResearchRabbit or
recommendation systems such as Google Scholar. For example,
Smith et al., (2024) used open bibliographic metadata to
construct a social network of authors at Georgia Tech.
Bibliographic databases have been used as a data source to
analyse current ocean research (Guyot-Téphany et al., 2024).
Bibliographic metadata, also called Big Scholarly Data (BSD), is
difficult for a human to parse manually due to the volume of
existing data, the velocity of new data, quality variations, variety
of types, and veracity (Xia et al., 2017).

Past studies have examined problems of quality, types, and
veracity of both closed and open databases (Céspedes et al., 2024;
Chavarro et al., 2025; Culbert et al., 2024; Delgado-Quirds &
Ortega, 2024; Haupka et al., 2024). OpenAlex as an open
database, has over 400 million data points of BSD (Priem et al.,
2022) and has been found to be appropriate as a source for
analysis tasks (Alperin et al., 2024) when compared with closed
databases. OpenAlex data may be collected from their interface,
REST API, or by downloading the data snapshot. OpenAlex has
limitations such as its source data, ingest processes, and API rate-
limiting.

Metadata Description

Authors The name of the author(s) of the work
Citations The works that cite the given work
References Works that the given work cited
Publication Year | Year that the article was published

Table 2.1: A non-exhaustive list of scholarly metadata

While bibliographic databases contain data describing the
scientific text and their relationships with authors, institutions,
funding, they generally do not include location or geospatial
coordinates for research sites. To gather this data from full text,
past research has used manual and automated processes. Howell
et al., (2019) investigated locations of study areas and manually
assigned three labels to extracted place names: provided,
estimated, and generalized. Coordinates were manually sourced
from gazetteers for each place. Niers & Niist (2020) approached

the problem from the publishing production direction and
proposed an OJS plugin — software to produce scientific articles
used by publishers — for capturing geospatial data from text using
a human-in-the-loop approach. Data was stored as text and
coordinates and used to add a layer to the publisher landing page
for the article enhancing search engine optimization.

Hauschke et al., (2021) built upon Niers & Niist’s proposal for an
OJS plugin to capture geospatial data related to the author’s
research using manual and undisclosed automated methods for
extraction of geographical text and use of gazetteers for
coordinates. Yet, this too was a speculative design proposal.
While manual processes described in these two examples have
high accuracy, they are unrealistic and unscalable with current
knowledge production rates.

Scalable deep learning networks have been utilized in prior work
where automation improved accuracy over older machine
learning methods. Zhang et al., (2025) improved upon rule-based
extraction due to its limitations for term variants. They used a
three-stage extraction method of full-text, sentences, entities
using Bidirectional Long-Short Term Memory with Conditional
Random Fields (BiLSTM-CRF). A fine-tuned SciBERT model
was used for extraction of resources, such as software, data, and
services, reported in scientific texts along with the relational
terminology to create resource citation networks (Zheng et al.,
2021). While scalable, these methods for extraction require the
development of manually tagged training datasets.

While bibliographic metadata has been used by the scientometric
community for the study of research production, geographic
analyses has usually been limited to the author’s institutional
affiliations resulting in country or region-level aggregation.
Additionally, maps are typically simplified omitting areas
without institutions (Guler et al., 2016) or aggregated into
economic zones or continents. Geographic mapping using
bibliographic data has explored citations and co-author
relationships as social space (Rotolo et al., 2017). Frenken et al.
(2009) described this as “spatial scientometrics” in their proposed
framework for incorporating geographic proximity into analyses
of scientific production and impact. Fu et al., (2025) developed
GeoBM to visualize geographical bibliographic data using
Python. GeoBM shows bibliographic data for countries and the
relationships between the publications per country visually.
Although GeoBM is easy to use due to being written in Python
and provides country-level information, it lacks fine details about
geographical data and the ability to show details within a country.
Institution geo-locations have been used to identify hot and cold
spots for research across the USA (Bornmann & De Moya
Angeon, 2019). By visually displaying institution locations that
have published high-impact papers, a user can identify which
locations in a country are producing scientific information and
can contribute to the formation of science polices.

Although institution geo-locations are beneficial in identifying
locations that are contributing to science, it does not provide
information on which locations are being studied. Wang et al.
(2023) represented geospatial information extracted from news
articles to find the location discussed in the article and developed
a web tool to visualize the locations on a map. They then ran a
case study by uploading news articles about dam failures across
the USA and the tool was able to show the locations on the map.
Acheson and Purves (2021) used a combination of a rules-based
approach and machine learning to extract toponyms from
scientific articles. The system first used machine learning to
detect the locations in the text and then manually written rules
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filtered at any false positives. They used the Google Geocoding
API to retrieve spatial information about the texts that were
extracted. They also used the system on two different corpuses of
research articles: a corpus focused on orchards and a corpus
focused on cancer. They tested the system on a sample of a large
amount of locations from the orchards corpus and a sample with
a low amount from the cancer corpus. The system had high
precision for identifying and resolving locations for both
corpuses.

Despite this progress, most bibliographic databases emphasize
author affiliation rather than the geographic setting of the
research itself. For ocean science, this is a meaningful gap: a
study of Arctic sea ice conducted by a researcher at Dalhousie is
recorded as Halifax, not the Beaufort Sea. Addressing this
requires going beyond institutional affiliation found in the
metadata to extracting location data about the study location from
the abstract text.

2.2 NER & Geo-Location

Named Entity Recognition (NER) is a natural language
processing (NLP) method to identify signifiers attributed to
predefined types, usually including such types as person,
location, organization, or object (Li et al., 2022). In this context,
we are interested in identifying place names for the purpose of
locating them geographically. Orduiia et al. (2024) developed a
framework to extract meaningful location data from the text and
metadata of research articles. They found that author affiliation
and references are often used to geolocate the location of research
articles. However, the content of the article, such as the abstract,
title, and body were not explored.

Karl (2019) developed a lexical parser that used regular
expressions as a rule-based approach to extract latitude and
longitudes from research articles. The parser was able to
successfully find and extract latitude/longitude pairs and then
plot the locations onto a map. Although the parser was able to
successfully find locations in research articles, this method can
only work when a latitude and longitude is explicitly defined in
the article and matched by a rule, not when a place is mentioned
and the coordinates need to be determined via another dataset like
a gazetteer. Acheson and Purves (2021) used Stanford NER as an
unsupervised machine learning approach followed by rules-
based filtering for relevancy to identify locations from research
articles!, improving upon past rule-based methods of location
extraction such as the approach used by Karl.

Unlike most prior work, which relied on manual annotation,
proprietary tools, or explicit coordinate extraction, our approach
uses open-source NER and open gazetteers applied to article
abstracts. We are not trying to precisely locate every study — the
goal is to identify patterns across a large corpus, which requires
methods that are open, repeatable, and fast enough to run at scale.

2.3 Data Visualization

Visualization of spatial data has been explored extensively, yet
challenges remain with heterogeneous data, overdispersion, or
distortion due to applying the wrong map type. In our context,
we’re looking for high-fidelity maps in an attempt to observe
patterns or disparities. Ai et al. (2022) developed a tool that

! https://github.com/eacheson/pyscine

displayed spatial-temporal changes in published geoscience
articles. The tool displayed the geographical centroid of research
papers from 1994 to 2018 and a trend of the centroid drifting
South-Eastward from the Atlantic Ocean to over Spain. Since the
tool used the institution as the geographical data, it can track
trends of who is doing research. Likewise, Fu et al., (2025)
developed a system for displaying country-level but also higher
fidelity locations for research collaboration analysis. Bornmann
& De Moya Angeon (2019) had a similar limitation when
determining research hotspots across Europe since the
geographical coordinates the system used the author’s
affiliation’s coordinates for the system, not the research site.

However, since these approaches were not tracking research
locations, they are not able to track trends of where research was
being conducted. In short, existing tools track where science
comes from, not where it takes place. For fields like
oceanography and coastal management, the study location is
central to interpreting the findings. The current lack of methods
to identify this is a significant gap.

3. Methodology

To address the research gap identified above, our approach
combines process steps for NER using spaCy, open gazetteers
CGND and GeoNames for geo-location, and bibliographic
metadata from OpenAlex to extract and map research locations
from a large corpus (Figure 3.1).

Open Layers Maps Mapped Locations

I

Entity Geo-cordinates

€GND.

Geanames —|

OpenAlex Works —_— Spacy Named Entities

Figure 3.1 Process diagram for our methods using metadata from
OpenAlex with additional inputs from Open Layers Maps,
CGND, and GeoNames.

3.1 Named Entity Recognition

Using deep learning as our approach for text extraction (Li et al.,
2022), we considered many libraries for NER and selected spaCy
(2020) since it utilizes Python, can run on a local computer, and
is free to use. SpaCly is also able to visualize the recognized text,
which may be a useful feature for future development of the
system. SpaCy provides an automated structuring of the install
command and the parameters used in our system can be seen in
Figure 3.2.
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Figure 3.2 SpaCy can identify a variety of named entities, such as
persons and locations.

Select pipeline for

Out of the named entities, we only included locations (LOCs) and
geopolitical entities (GPEs). We then used spaCy to identify
places from the abstracts of articles cited by the WOA II.
Although abstracts lack the full details of the body of the article
and are not standardized, they were suitable alternatives to closed
source papers and less computationally expensive than full text
parsing.

We used article abstracts rather than full text for two practical
reasons: they are openly available for most articles in our corpus,
and they are short enough to process at scale. Full text would give
more spatial detail, but most articles in WOA 1I are paywalled,
making consistent access impossible. For our purposes —
identifying broad geographic patterns rather than precise study
boundaries — abstracts contain enough information to be useful.

3.2 Geocoding

Many place names appear in multiple locations across Canada,
which creates ambiguity during geocoding. Rather than
automatically picking one match and discarding the others, we
kept all Canadian candidates for each entity. This enabled us to
examine the ambiguity directly, rather than hiding it behind an
automated choice that may be wrong.

To determine the latitude and longitude of each location, we
utilized two gazetteers. The first gazetteer used was the Canadian
Geographical Names Database (CGND)?. Within the CGND are
many different types of locations such as cities, administrative
areas, and geographical features. Each location has relevant
information, such as the type of location, province or territory it
is in, and latitude and longitude. In addition to the CGND, we
used the Canadian subset from Geonames?>. Like the CGND, the
Geonames dataset has information that we used to geocode the
entities. Places that were not found in either gazetteer were
assumed to be not in Canada and were removed.

*https://natural-resources.canada.ca/maps-tools-
publications/tools-applications/canadian-geographical-
names-database

3 https://www.geonames.org/countries/CA/canada.html

3.3 Institution Geocoding

We utilized the OpenAlex dataset to collect geographical
information about the institutions. Each work within OpenAlex
has zero to many institutions associated with them. We extracted
all the institutions from each work’s metadata and then accessed
the institution information via the OpenAlex API to collect the
institution’s country code, latitude, and longitude. Works were
then associated with the institution that produced them.

3.4 Visualization

We used OpenLayers (openlayers.org, n.d.), NodeJS (OpenJS
Foundation, n.d.), and D3 (Bostock, n.d.) to visualize the
extracted data. OpenLayers offers ready access to
OpenStreetMaps and D3 enables easy deployment for our map* .
The latitude and longitude’ for the study locations and the
institutions were plotted on the map as red and blue circles
respectively. Clicking on either a study location or institution will
display a line linking the location to all institutions that have
studied that location or all locations that the given institution has
studied. (Figure 3.3).

Clicking on a study location will list all works that are associated
with that location and all authors that have studied that location
(Figure 3.4). Both works and authors have relevant information
such as the work’s abstract and the authors ORCID (if available).

Figure 3.3 Example of institutions (blue) linked with study
location (red).

3> OpenLayer orders coordinates “longitude-latitude” instead of
“latitude-longitude”, which may cause confusion when
developing this work further.
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Figure 3.4 Prototype visualization showing extracted research
locations and publishing institutions linked across Canada.

4. Results

We evaluated results manually, counting a geocoded location as
a true positive if it was explicitly named in the abstract and
accurately corresponded to where the study was conducted. False
positives were locations that were either mapped to the wrong
place or weren't relevant to the study at all. The system was able
to successfully geo-locate study sites from the WOAII dataset
throughout Canada.

From a manual review of 36 articles in northern Canada, 24 of
them were true positives and 12 were false positives. For
example, the system was able to identify Baffin Island, Nunavut.
However, the geocoding falsely assigned locations, such as Long
Island, to locations within Canada when the location was in
another country. When investigating 32 locations within
Southern Ontario, the only true positive was Toronto, Ontario.
Nearly all the locations in Southern Ontario were administrative
locations (cities, towns, regions, etc.). However, many of the true
positives in northern Canada were geological features, such as
the Foxe Basin. Although our examination was not exhaustive
and may have human bias, we suspect that our tool is able to
detect geographical features better than administrative locations.

The north/south split made sense in hindsight. Studies in northern
Canada tend to name specific geological features — Baffin
Island, Foxe Basin — that appear clearly in abstracts and have
unambiguous gazetteer entries. Studies in southern Ontario more
often reference cities and administrative regions, where the same
name can refer to multiple places and the study location may not
be stated directly. The tool is better at finding where research
happen when researchers name the landscape rather than the
nearest town. We initially expected administrative place names
to be easier to resolve given their prevalence in gazetteers, but
manual review showed the opposite in practice due to name reuse
and vague spatial references.

Observed extraction errors fall into two types: (1) incorrect
resolution, where a named entity is geocoded to the wrong place
due to shared names (e.g., Long Island mapped to Canada instead
of New York), and (2) over-resolution, where one name matches
multiple valid gazetteer entries. Both are gazetteer ambiguity
problems which has been previously discussed (Acheson &
Purves, 2021; Leidner & Lieberman, 2011) — the NER itself is
identifying the right entities.

The results show the system is useful for exploratory analysis,
particularly in regions where studies reference named physical

features. The limitations are real but well-defined, which gives
clear direction for future work.

5. Conclusion

The goal of this research was to show that research location —
where studies are specifically conducted — can be extracted and
visualized at scale using entirely open tools. We built a prototype
system that extracts locations from metadata and maps research
locations from ocean science articles referenced in WOA I,
using OpenAlex metadata, spaCy for named entity recognition,
and open Canadian gazetteers.

Overall, the results were promising but highlighted challenges
other researchers have also faced with ambiguous or multiple
place names (Acheson & Purves, 2021) and the limitations of
gazetteers. While our map only focused on place names in
Canada, the system worked well for studies in northern Canada
that reference named geological or physical features, which
appeared explicitly in abstracts. It struggled in southern regions
where place names were administrative and ambiguous. That
contrast turned out to be informative. While it reflected clear
technical limitations of the tool, it also highlighted differences in
how location was described in scientific writing across regions
and study types.

In contrast with prior work with maps used in bibliometric studies
which typically reflect institutional geolocations (Bornmann &
De Moya Angeon, 2019), this work contributes by showing how
to utilize the abstract to extract and map study locations and
proposing a pipeline of open-source software and libraries. This
work is a step toward showing where research happens and
contributes to providing evidence of where research occurs in the
field beyond the institutional affiliations of the authors.

5.1 Limitations

" Correct Location |
| with no extra locations |

| \

e bm)

)4

Figure 4.1 Example of ambiguous geocoding outcomes
resulting from place name ambiguity in Canadian gazetteers.

Incorrect Location(s)

There are two major limitations with the system currently (Figure
4.1). First, a named entity or entities are recognized in the
abstracts and then geocoded to a place in Canada. However, the
abstract is not referring to any of those places (incorrect location).
For example, Alaska (The USA state) gets geocoded to Alaska,
Prince Edward Island (PEI).
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Second, the NER system recognizes a named entity and then the
named entity is geocoded to multiple places in Canada. Only one
of these places are the correct location geocoded locations
(correct location with extra locations). For example, Victoria
Island is correctly geocoded to the island in the North-West
Territories and Nunavut, but is incorrectly geocoded to an island
in Ottawa, Ontario.

This limitation is caused by ambiguity in the gazetteer. In future
work, we will counteract this limitation by introducing a user-in-
the-loop as a manual operation to correct the inaccurate locations
or to append variations in names, such as Indigenous names.
Another approach is an automated confidence score — the more
places a name could refer to, the lower the confidence that any
single match is correct, and ambiguous results could be flagged
or filtered like the approach used by Acheson & Purves (2021).

Abstracts are also inconsistent as a data source. They vary in
availability, length, language , and level of geographic detail —
some name specific field sites, others describe regions only
vaguely. Without access to full text, we may miss locations that
are described in the body of a paper but not mentioned in the
abstract. These variations make NER harder and limit how
precisely we can compare spatial scope across different articles.

And lastly, we only used data from the World Ocean Assessment
II, which limits our dataset to articles published before 2021. The
World Ocean Assessment I1I will contain information up to 2025.
While we used an ocean sciences domain as a test corpus, our
approach should work on collections of works from any scientific
domain.

5.2 Future Works

We’re currently exploring how this tool can aid journalists in
finding potential scientists to interview. The user study is
currently in process, and we will publish our results in the future.

To alleviate the limitations of the system, a human-in-the-loop
system can be developed to annotate article metadata with
geocoded information. We could also use the WOA I and
eventually WOA III to make a spatial-temporal mapping of
research articles.

Finally, we only used gazetteers focused on Canada because
global gazetteers would be significantly larger. Future work
could generalize the system to a global scale.
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