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Abstract
This paper presents the EHRI Annotator, a web-based tool for multilingual named entity recognition (NER) and
entity linking (EL) in Holocaust-related texts. The tool was developed to support services provided by the European
Holocaust Research Infrastructure (EHRI), primarily the digital scholarly editions published by EHRI (EHRI Online
Editions) by streamlining the process of detecting named entities in documents and linking them to their unique
identifiers in EHRI and third-party controlled vocabularies and gazetteers. The EHRI Annotator builds upon previous
work on domain-specific NER, taking it a step further to support multilingual EL. The tool adopts a dual entity
linking architecture that uses a different matching approach depending on the type of the named entity. It performs
semantic matching for entities to be linked to EHRI vocabularies and authority sets which are modestly sized, and
string-matching-based retrieval for locations to be linked to the extensive GeoNames gazetteer using a domain-specific
relevance weighting. A preliminary evaluation on 264 entities from a manually annotated dataset of Holocaust
testimonies in three languages (English, German, Hungarian) yields an Accuracy@5 of 77.7% when it comes
to the linking component of the tool. User testing confirms the tool’s usability but also highlights areas for improvement.

Keywords: named entity recognition, entity linking, Holocaust studies, digital humanities, cultural heritage,
multilingual NLP, digital editions

1. Introduction to the annotation guidelines created by EHRI”. This
manual annotation process is extremely resource-

A core service of the European Holocaust Research !ntensive because it requires n.ot only close read-
Infrastructure (EHRI)' is the publication of EHR/ N9 of the documents by domain experts but also
Online Editions?, which are digital scholarly editions stror_19 f_am|I|ar|ty with Iarge_ {(nowledge_ bases us_ed
of thematically curated documents. Since 2018, for linking the named entities found in texts with

EHRI has supported the publication of seven® EHRI their arS]SOCiat?d ]9”;9“9 identifiers. At the. same
Online Editions. The documents included in an  IMe, the result of this annotation process is very

EHRI Online Edition primarily include Holocaust u§eful because It produce_s documents interlinke_d
testimonies, as well as diplomatic reports and cor- with common access points based on semantic

respondence hosted by different archival institu- sim_ilarities regardiess of thg_sourc_:e co!lectiqn, en-
tions around the world. To be included in an EHRI  2pling research on a specific topic using diverse
Online Edition, these documents are manually an- and gften transnational material.

notated with Extensible Markup Language (XML) This paper presents the EHRI Annotator®, a web-

according to the Text Encoding Initiative (TEI) P5 based tool that was pr_imarily bu_ilf[ to streamline the
guidelines. Specifically, subject matter experts af- process of named entity recognition (NER) and en-

filiated with EHRI partner institutions enrich the tity linking (EL) fc?r I—!olocaust-relateq texts.l.)eing
documents with semantic annotations to highlight prepared for publication as EHRI Online Editions®.

and give context about the people, locations, orga- The tool builds on previous yvork on domain-specific
nizations, and topics mentioned in them. Where NER (Dermentzi and Scheithauer, 2024), which in-

applicable, these annotations also include links to cluded fine-tuning a muIFiIinguaI Iza_qguage model
unique identifiers in the EHRI vocabularies * and for Holocaust-related entity recognition (the EHRI-

. - 10 i i
authority sets®, as well as to GeoNames® according EEEI%OnC:ierJe Lgi'lg%: ?na;iisnegt ﬁognfﬁl}%?.gﬁigézg

NER model because it has "learned” and "inherited"
the annotation patterns and conventions followed

'EHRI project website. Accessed 2/25/2026.

2EHRI Online Editions webpage. Accessed "TEI encoding and annotation documentation page.
2/25/2026. Accessed 2/25/2026.
SAt the time of writing on February 25th, 2026. 8EHRI Annotator website. Accessed 2/25/2026.
*EHRI Vocabularies. Accessed 2/25/2026. ®The tool is publicly available as a beta service. The
SEHRI Authority Sets. Accessed 2/25/2026. source code is not publicly released at this time.
8GeoNames website. Accessed 2/25/2026. °Available on Hugging Face.
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by EHRI Online Edition editors. In the EHRI Anno-
tator, the EHRI-NER model is deployed as part of
the NER component of the tool’s pipeline, which
is the first stage following the user’s input of a text.
The other major stage of the pipeline is the linking
component which is triggered when the user de-
cides that a match should be attempted for any of
the entities detected by the NER component. For
EL, EHRI Annotator employs a hybrid lexical and
machine learning-based strategy to retrieve and
suggest to the user the top five potential matches
for the named entities that have been detected and
deemed linkable by the user. Although the primary
aim of the tool is to be a user-friendly platform that
facilitates the annotation process when preparing
new EHRI Online Editions, the tool can be easily
modified and extended to support more use cases,
such as metadata enrichment for enhancing the cat-
alog of an archival institution or an aggregator like
the EHRI Portal with more interoperable links ac-
cording to the Findable, Accessible, Interoperable,
and Reusable (FAIR) principles (Wilkinson et al.,
2016), making the documents more findable and ac-
cessible and interlinking dispersed sources across
institutions and languages. It can also be useful
for enhancing a knowledge graph like the one de-
scribed by Garcia-Gonzalez and Bryant (2023).

This paper’s contributions include: a) the descrip-
tion of the EHRI Annotator pipeline; b) the hybrid
architecture used for entity linking which employs
a different strategy per entity type for more efficient
candidate retrieval; c) preliminary evaluation results
of entity linking accuracy on a manually annotated
dataset of Holocaust testimonies; d) findings from
user testing sessions. The NER model used in the
EHRI Annotator is unchanged from Dermentzi and
Scheithauer (2024).

2. Related Work

This work forms part of a broader effort to offer
reliable named entity recognition and linking ser-
vices in ways that support metadata enrichment
of Holocaust-related archival material for the pur-
poses of indexing and information retrieval but also
for the contextualization of this material within an
international landscape of dispersed, multilingual
archival resources. Previous work (Dermentzi and
Scheithauer, 2024) described why this is useful for
EHRI and its services while also making the first
step towards offering a multilingual NER model for
the Holocaust domain. Having access to a reliable
enough NER model was key to progressing towards
finding an EL approach that is reasonably efficient
and accurate for our use case. While in recent
years there has been a lot of focus on NER and
EL for historical documents and this research topic
has been addressed as the target of shared tasks
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(Ehrmann et al., 2022b, 2020, 2022a), previous
linking approaches typically target Wikidata as the
knowledge base to link to, whereas domain-specific
vocabularies like the ones used to link entities in the
EHRI Online Editions are not prioritized as much.
For a comprehensive survey of NER and entity dis-
ambiguation in historical documents, see Ehrmann
et al. (2023).

The named entity linking approach followed in
this paper was inspired by the work of Arora and
Dell (2024) on the LinkTransformer package. Link-
Transformer treats record linkage as a text retrieval
task, where entities are encoded into dense vec-
tor representations using a transformer language
model and then cosine similarity over these em-
beddings is being measured to retrieve the near-
est neighbor in the target knowledge base. This
approach supports multilingual matching without
translation, as multilingual models such as LaBSE
(Feng et al., 2022) map texts in different languages
into a shared embedding space. Before develop-
ing the EHRI Annotator, the author experimented
with the LinkTransformer package and found its ap-
proach to be an effective strategy for linking against
the EHRI controlled vocabularies, which contain
approximately 13,000 entries. However, the same
was not true for linking against the GeoNames
gazetteer, where the sheer volume of toponyms and
aliases makes embedding-based retrieval impracti-
cal in terms of indexing cost and inference times.
As described in Arora et al. (2024), the GeoNames
gazetteer is so large and comprehensive that to-
ponym disambiguation can be very accurate using
string matching methods alone.

Following Arora et al’s (2024; 2024) insights,
for EHRI entities, the EHRI Annotator adopts the
dense retrieval paradigm using LaBSE embed-
dings indexed in a vector database, while for ge-
ographic entities, we employ text-based retrieval
with domain-specific relevance weighting. This
dual-strategy design is explained by the differences
among the target knowledge bases. The EHRI vo-
cabularies and authority sets contain limited alias
and translation coverage with entries appearing
mostly in English under their preferred name, mak-
ing semantic matching essential for cross-lingual re-
call. GeoNames, conversely, is rich in translations
and alternative names across many languages,
making string-based matching both sufficient and
more scalable.

3. System Architecture

The EHRI Annotator (screenshot in Figure 1 be-
low) consists of three components: a web-based
user interface for document input and annotation
verification and exporting; an NER processing back-
end that segments input texts and runs inference



using the EHRI-NER model via an asynchronous
task queue; and an EL microservice powered by a
vector database (Qdrant'"). Having the NER and
EL components decoupled, with the EL service
operating as an independent application program-
ming interface (API), was a deliberate decision to
allow greater flexibility on how each component
is maintained, scaled, and deployed, anticipating
the need to eventually expand coverage and allow
other EHRI services to query the EL API indepen-
dently for metadata enrichment outside the EHRI
Annotator.

EHRI Annotator

Annotation Workspace

"Dachau" camp
Click entity to open editor
Confidence: 89.9%
Operson O Location O Camp O Ghetto O Organization | 0" o

Select best match: 4 navigate | Enter select

Heinrich Himmler was bornin Munich on Octc
August 1923 and became Reichsfiihrer of the S
concentration camp was established in Dachau ,
sealed on November 16, 1940 . Deportations fror
1942 , with transports to Treblinka . Adolf Eichm
Berlin . Heinrich Himmler ordered the liquidatio

Dachau concentration camp
From ehri_semantic collection

ehri_canps-177

Dachau (Fleischwarenfabrik Willfert)
concentration camp
From ehri_semantic collection

ehri_camps-194 [

Dachau (Entomologisches Institut der Waffen-
$S) concentration camp

Manual Search:

Figure 1: Screenshot of the entity linking process
within the EHRI Annotator.

Upon entering the website, the user is prompted
to input some text to a text box and click on a "Pro-
cess Text" button which triggers the NER compo-
nent of the application. As mentioned in the pre-
vious sections, for its NER component the EHRI
Annotator currently relies on the EHRI-NER model,
a detailed description of which can be found in Der-
mentzi and Scheithauer (2024). This model was
developed by fine-tuning XLM-RoBERTa-Large for
NER of six entity types, namely PERSON, OR-
GANIZATION, LOCATION, CAMP, GHETTO, and
DATE. The NER backend splits the text into smaller
chunks (if the text is too long for the model’s context
window to handle) and runs the model to return de-
tected entities which are then displayed highlighted
in the document. The user can then review each
prediction to accept, reject or adjust its boundaries
or label through an editing panel. For each entity
detected (apart from DATE entities, where this is not
applicable), the user can trigger the entity linking
process by clicking on the Link button, which sends
the query to the linking microservice and returns
a ranked list of the top five candidates exceeding
a certain threshold. The user can then select the

" GitHub repository for Qdrant vector search engine.

39

correct match or perform a manual search against
the index if no suitable candidates were returned.
Any edits can be propagated to all mentions of the
same entity with the same spelling within the same
input text. Once all entities have been verified and
linked, the user can export the annotated document
as a TEI P5 XML file to process further with a text
editor and prepare for publication. For linked enti-
ties with geographic coordinates (these could be
CAMP, GHETTO, or LOCATION entities), linked
places are additionally displayed on an interactive
map.

Once the EL process of an entity is triggered
by the user, the retrieval strategy depends on the
entity’s assigned label. This filtering strategy was
inspired by what Arora and Dell (2024) describe
as "blocking” in their paper and is used to make
the tool as fast and efficient as possible. Therefore,
PERSON entities get matched against the EHRI/
Personalities authority set, ORGANIZATION enti-
ties get matched against the EHRI Corporate Bod-
ies authority set, CAMP entities against the EHRI
Camps vocabulary, GHETTO entities against the
EHRI Ghettos vocabulary and LOCATION entities
against GeoNames.

Specifically, the linking component of the EHRI
Annotator is supported by two Qdrant "collections”.
The first collection concerns entities from the EHRI
vocabularies and authority sets, which are indexed
for semantic matching. These entities are en-
coded with LaBSE (Feng et al., 2022) into 768-
dimensional vectors for approximate nearest neigh-
bor search. Candidate retrieval returns the top
2,000 entries by cosine similarity, which are then
re-scored using a function that combines seman-
tic similarity, string similarity (a multi-stage scoring
function from exact match through to fuzzy match-
ing), context-aware scoring that incorporates the
text of one neighboring entity to the left and one to
the right of the target mention to aid disambiguation
(e.g., the presence of the entity "Riga" in the con-
text near the entity "Gestapo" helps rank "Gestapo
Riga" higher in the candidate list compared to other
Gestapo-related entities in the relevant EHRI au-
thority set), and a multi-alias boost that rewards
entities with multiple matching name variants. Ex-
act string matches receive a much higher score
to guarantee first-rank placement. Character-level
fuzzy matching using the rapidfuzz library (Bach-
mann, 2025) with a similarity threshold of 0.7 is
applied during candidate re-ranking for EHRI en-
tities to handle minor spelling variations and Opti-
cal Character Recognition (OCR) errors common
in archival texts. This multi-stage linking strategy
was refined through extensive trial and error since
there was no domain-specific dataset available for
training a supervised ranking model at the time of
building the EHRI Annotator. Semantic matching is
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essential for matching against EHRI vocabularies,
which have limited multilingual coverage. For ex-
ample, matching "malou pevnost", meaning small
fortress in Czech, to the German equivalent "Kleine
Festung" in the EHRI Camps dataset is only possi-
ble through semantic matching because the EHRI
Camps vocabulary only lists the German name.

The second Qdrant collection concerns the
GeoNames gazetteer, which contains over 13 mil-
lion entries in total. Embedding every entry and
its alias names would be prohibitively expensive in
terms of storage and inference time. Instead, tak-
ing into account the conclusion reached by Arora
et al. (2024) that toponym disambiguation against
a comprehensive gazetteer can be highly accu-
rate using non-neural methods, location entities
are matched using text-based retrieval only. To en-
able this within Qdrant, which requires a vector for
every entry, GeoNames entries are indexed with
placeholder "dummy" zero vectors and rely exclu-
sively on Qdrant’s built-in text index of each entry’s
multilingual alias array for candidate retrieval. More-
over, we do not index the entire GeoNames dataset
but rather filter it down to approximately 7.8 million
entries based on a curated set of 102 GeoNames
feature codes (e.g., populated places, historical
sites, camps, railway stations, religious sites. The
full list is provided in Appendix A.). Again, the se-
lection of these feature codes was refined through
iterative trial and error. When a good location
match is not returned although it exists within the
GeoNames dataset, the author examines whether
a new feature code should be considered. Another
concern was how to handle morphological varia-
tion in highly inflected languages. The solution to
this was to lemmatize queries before matching us-
ing stanza (Qi et al., 2020) with models trained
on Universal Dependencies (Zeman et al., 2023)
for Czech (cs), Polish (pl), Slovak (sk), German
(de), Hungarian (hu), Russian (ru), Ukrainian (uk),
Lithuanian (It), Belarusian (be), Greek (el), and He-
brew (he). Candidate locations are ranked using
a relevance score pre-computed during indexing
that combines feature code importance weighted
by domain relevance (e.g., camps and historical
sites are weighted higher than generic buildings),
country priority weights reflecting Holocaust and
WWII geography (e.g., Poland, Germany, and Aus-
tria receive the highest weights), and a population
factor. The final ranking for each candidate is deter-
mined by the product of this relevance weight and
a text match quality score derived from comparing
the query against the entry’s primary name and
aliases. The full feature code and country weight
configuration as it currently stands is detailed in
Appendix A.

The system architecture is designed to retrieve
plausible candidates efficiently while leaving the
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final disambiguation decision up to the domain ex-
pert annotating the document. Verified annotations
are exported as TEI P5 XML with ref attributes
pointing to EHRI Portal Unique Resource Identi-
fiers (URIs) or GeoNames URIs, pre-annotated for
further processing as part of the Online Editions
publication pipeline.

4. Evaluation

A preliminary evaluation of the EHRI Annotator has
taken place both qualitatively through user test-
ing sessions with Holocaust researchers who were
asked to fill in feedback forms but also quantitatively
through an automatic evaluation of entity linking ac-
curacy against a gold-standard dataset which is
still under active curation.

4.1.

The evaluation dataset was produced during the
first EHRI-CLARIN Datathon, held on 26-27 Febru-
ary 2025 in Budapest, Hungary, co-organized by
EHRI, CLARIN, ELTE University Research Center
for Computational Social Science, and the Leib-
niz Institute for the History and Culture of Eastern
Europe. During the event, participants annotated
Holocaust testimonies using the INCEpTION plat-
form (Klie et al., 2018). The source documents
were provided by the Hungarian Jewish Museum
and Archives and the Wiener Holocaust Library.
PERSON, ORGANIZATION, CAMP, and GHETTO
entities were linked to EHRI vocabularies and au-
thority sets, while LOCATION entities were linked
to Wikidata. At the time of writing, 40 (32 English,
7 German, 1 Hungarian) of the 140 documents
processed during the event have been curated to
ensure correct selection of URIs and consistent ap-
plication of the annotation guidelines shared during
the event. The full dataset and a detailed descrip-
tion of the annotation process will be part of a future
publication once the curation process has been fully
completed.

Dataset

4.2. Entity Linking Evaluation

To evaluate entity linking, Wikidata identifiers for
LOCATION entities were mapped to GeoNames
via Wikidata property P1566. There were 30 loca-
tion entities annotated with Wikidata identifiers that
lacked a GeoNames mapping via property P1566.
For non-location entities, EHRI vocabulary identi-
fiers were compared directly. Entities annotated
only with Wikidata identifiers for which no corre-
sponding EHRI or GeoNames mapping exists were
excluded. Entities were deduplicated by spelling,
entity type, and document language, since the main
evaluation (see Table 1 below) queries the link-
ing service without document context and identical



queries produce identical candidate rankings. Af-
ter deduplication and exclusions, 264 entities were
retained for evaluation. Accuracy@1 (correct entity
ranked first), Accuracy@5 (correct entity in top five),
and Mean Reciprocal Rank (MRR) over the top 10
retrieved candidates are presented in Table 1 be-
low. The results in Table 1 aggregate entities from
all curated documents across all three languages.

Table 1: Entity linking performance by type.

Type N Acc@1 Acc@5 MRR
LOCATION 156 42.3% 73.7% 0.556
PERSON 30 76.7% 100.0% 0.883
ORGANIZATION 45 62.2% 71.1% 0.654
CAMP 23 78.3% 87.0% 0.811
GHETTO 10 80.0% 80.0% 0.800
Overall 264 54.2% 77.7% 0.641

The overall Accuracy@5 of 77.7% means that
the correct knowledge base entry appears among
the top five candidates in most cases. Since the
EHRI Annotator is taking a human-in-the-loop ap-
proach in its design, this metric is useful because
it shows that the system retrieves a good set of top
five candidates for the domain expert to choose
from. LOCATION entities show the lowest Accu-
racy@1 (42.3%) while Accuracy@5 remains rea-
sonably high at 73.7% given that there are many
locations with the same name which makes the
ranking of the results harder. It is worth noting that
the system returned no candidate matches for 23
out of 156 LOCATION-type entities under evalua-
tion. These entities generally concern poor OCR or
spelling mistakes (e.g., “Heidelterg” for Heidelberg,
“Theresienstad” for Theresienstadt, “Shtirotava” for
Skirotava). ORGANIZATION entities show the low-
est Accuracy@5 (71.1%).

An ablation study was conducted on all non-
location entities in the evaluation dataset (N=108)
to estimate the contribution of the context-aware
scoring described in Section 3. For each entity,
two requests were sent to the linking service: one
with context derived from one neighboring entity
to the left and one neighboring entity to the right
(matching the deployed service’s behavior); and
one request without context. Context-aware scor-
ing improved Accuracy@1 from 71.3% to 74.1%
and Accuracy@5 from 83.3% to 84.3%, with MRR
increasing from 0.764 to 0.782.

However, this quantitative evaluation of the tool
is preliminary while the gold standard dataset is
under curation. In particular, results for PERSON
(N=30), CAMP (N=23), and GHETTO (N=10) en-
tities should be interpreted with caution given the
small sample sizes. Nevertheless, this small-scale
quantitative evaluation, taken into account together
with the user feedback expressed under the qualita-
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tive evaluation described below, shows that this tool
can already be useful in supporting Online Edition
Editors to annotate new documents.

4.3. User Evaluation

The tool was evaluated by 11 users after two hands-
on testing sessions, a workshop organized by EHRI-
CZ in Prague and an EHRI webinar. Participants
tested the tool on texts in English, German, Czech,
Slovak, and Italian. They were then asked to com-
plete a feedback form covering overall usability,
quality of NER and EL predictions, shortcomings,
and things to improve. All 11 participants rated
the overall experience as either Excellent (8) or
Good (3). Eight participants found the interface
Very easy to use and three rated it Mostly easy;
10 of 11 described the layout as clean and easy to
navigate.

NER accuracy was rated Very accurate by six
participants and Mostly accurate by five. Partici-
pants noted several recurring NER errors, namely
nationality adjectives misclassified as locations
(e.g., "British"), incomplete entity boundaries re-
quiring manual correction (e.g., the text reads "of
the Swedish Red Cross" but the model detects
"Swedish" as a separate LOCATION entity and
Red Cross as its own ORGANIZATION entity. This
is a problem because if we try to link "Red Cross”
directly, we get presented with the wrong match.
The correct entity here would be Swedish Red
Cross as one ORGANIZATION entity.), and diffi-
culty with retrieving matches for misspelled names
(e.g., "Krakoff" for "Krakdw"). One participant noted
that morphological inflection in certain languages
caused recognition failures.

Entity linking quality was rated Very good (correct
match almost always ranked first) by eight partici-
pants and Mostly good (correct match usually in the
first few candidates) by three, verifying qualitatively
the results of the quantitative evaluation (albeit lim-
ited). When it came to more constructive feedback,
participants requested expansion of the knowledge
base to include vocabularies that cover additional
historical entities such as the Slovak State or the
Protectorate. Additionally, participants requested
additional export formats including CSV, JSON, and
spreadsheets. Editing features were generally well-
received, though boundary editing was rated the
most difficult task (Easy: 5, OK: 6), suggesting
room for interface improvement. Six participants
exported TEI XML; of these, four rated the export
quality as Excellent and two as Good - Needed
minor tweaks.



5. Discussion and Conclusion

The EHRI Annotator is a work in progress requiring
continuous refinement. The evaluation presented
here is preliminary, the dataset covers only 40 of
the 140 documents from the datathon and sam-
ple sizes for several entity types are small. Never-
theless, several limitations of the current system
emerged from both the quantitative and the qualita-
tive evaluation. Disambiguating LOCATION entities
is very challenging when dealing with such a large
gazetteer like GeoNames. The system fails to re-
trieve candidates for non-standard spellings, while
embedding this resource to enable semantic match-
ing is prohibitive in terms of resources needed. The
main limitation of the current EL approach when it
comes to LOCATION entities is that the way Qdrant
has been set up for the GeoNames collection (zero
vectors and reliance on text-based retrieval) limits
candidate retrieval to exact token matching, mean-
ing that even small variations in spelling or OCR
errors can lead to zero candidates even before
any ranking can take place. While Qdrant remains
a very practical solution in terms of keeping the
infrastructure as simple and easy to maintain as
possible given that we are already using it for the
vector database, migrating to a search engine with
rich full text search features such as Elasticsearch
could help address these retrieval failures.

Another observation that can be made is that
common errors of the EHRI-NER model that have
been documented in previous work (Dermentzi and
Scheithauer, 2024) can spill over to the linking
stage as noted in the user evaluation reported here.
It was also noted that the EHRI vocabularies them-
selves are not as comprehensive as users would
like them to be, with unlinked entities often reflect-
ing gaps in the authority sets rather than system fail-
ures. User feedback expressed the need to expand
vocabulary coverage to include additional historical
entities.

Given the sensitivity of Holocaust materials, all
models used by the EHRI Annotator are self-hosted
on a dedicated server in the European Union (EU),
with no data transferred to third-party APls. Orig-
inal texts are discarded after NER inference and
only entity-level data appears in system logs. This
feature is essential for working with archival institu-
tions which are often bound by strict data protec-
tion and ethical obligations regarding the materials
in their custody. However, it also imposes practi-
cal constraints. Since galleries, libraries, archives,
and museum (GLAM) institutions typically lack the
infrastructure and resources to deploy and main-
tain computationally intensive models, this limits
the adoption of state-of-the-art (SOTA) approaches
that rely on large language models (LLMs) or cloud-
based third-party API services. The architecture
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described in this paper was designed with these
constraints in mind, favoring lightweight models
that can be self-hosted over more powerful but ex-
ternally controlled alternatives.

Current development priorities include support
for adding new entities directly through the interface
(currently possible only by editing the TEI XML out-
put), linking to the EHRI Terms vocabulary which
could be combined with previous work on auto-
mated subject indexing (Dermentzi et al., 2025),
and additional import and export formats to sup-
port use cases beyond the EHRI Online Editions,
such as archival metadata enrichment and geo-
graphic visualization. Longer-term goals include
allowing users to connect custom vocabularies for
domain-specific linking.

Another area of future work is experimenting
with other NER and EL approaches. In Section
3, we described the three-component architecture
of the EHRI Annotator. While the current system
is based on the EHRI-NER model, the modular-
ity of the service allows for experimentation with
alternative models and techniques. Comparative
evaluation against such approaches is planned for
future work once the full evaluation dataset is avail-
able. For example, testing how open-source LLMs
or other architectures like GLINER (Zaratiana et al.,
2024) perform against the EHRI-NER model can
inform the choice of model for the NER and EL
components before the tool moves from prototype
to production. The fully curated dataset could also
be used to train custom ranking models.

In conclusion, the EHRI Annotator demonstrates
that a hybrid entity linking architecture which com-
bines semantic retrieval for smaller vocabular-
ies with text-based retrieval and domain-specific
weighting for large gazetteers can provide effec-
tive candidate retrieval in a human-in-the-loop set-
ting even when dealing with very large knowledge
bases, as long as the larger knowledge bases
are comprehensive enough in terms of alternative
names and translations of the entries. The tool
is currently deployed as a working prototype but
it has already received positive reception. The
hope is that it contributes to making Holocaust-
related archival material more accessible, interop-
erable, and discoverable across institutions and
languages.
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A. GeoNames Index Configuration

The GeoNames gazetteer (13.4 million entries) was
filtered to 7.8 million entries by retaining only lo-
cations the feature code of which is included in
the list below. Each indexed entry receives a pre-
computed relevance score combining a feature
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code importance weight (Table 2), a country pri-
ority weight (Table 3), and a population factor.

Table 2: The 102 GeoNames feature codes re-
tained for indexing, sorted alphabetically, with im-
portance weights (W). Codes not listed are ex-
cluded from indexing.

Code w Code w Code w

ADM1 0.8 FRST 0.6 ppra5 0.6

ADM1H 0.8 FT 0.6 PPLC 0.9

ADM2 0.7 GRVE 0.7 pPLCH 0.9

ADM2H 0.7 HBR 0.6 PPLF 0.6

ADM3 0.6 HSP 0.6 PPLH 0.6

ADM3H 0.6 HSPD 0.5 PPLL 0.6

ADM4 0.5 HSTS 0.8 PPLOQ 0.7

ADM4H 0.5 HTL 0.5 PPLS 0.6

ADM5 0.4 INDS 0.5 PPLW 0.7

ADM5H 0.4 INSM 0.6 PPLX 0.6

ADMD 0.3 ISL 0.8 PRN 0.7

ADMDH 0.3 ISLS 0.7 QUAY 0.6

AIRB 0.6 LIBR 0.6 RGN 0.9

AIRQ 0.5 MFG 0.5 RGNE 0.9

BAY 0.5 MILB 0.6 RGNH 0.9

BAYS 0.5 MKT 0.6 RR 0.5  Table 3: Country priority weights. All countries not
BDG 0.5 ML 0.5 RSTN 0.6  listed receive a default weight of 0.3.

BNK 0.6 MN 0.6 RSTP 0.6 Weight Countries

BRKS 0.7 MNMT 0.7 RVN 0.8

BTL 0.7 MSTY 0.6 SCH 0.6 1.0 DE, PL, CZ, SK, AT, HU, NL, BE, FR

CAVE 0.6 MUS 0.6 SCHC 0.6 0.9 GB, IT, RO, BG, HR, GR, IL, PS

CH 0.6 NVB 0.6 SEA 0.7 0.8 RU, UA, BY, LT, LV, EE, LU, MT, YU, CS
CMP 0.9 PCL 1.0 SQOR 0.7 0.7 NO, DK, SE, FI, CH, ES, PT, TR, RS, AL, SI,
cMpLAa 0.9 PCLD 0.9 STNB 0.6 BA, CY, GI, US

CMPQ 0.8 PCLF 0.9 STNR 0.6 0.6 CA, AU, NZ, ZA, BR, AR, CU, MA, DZ, TN,
CMPRF 0.7 PCLH 1.0 STRT 0.6 SY, LB, 1Q, IE, ME, MK, MD, XK, HK

CMTY 0.7 PCLI 1.0 SYG 0.8 0.5 JP, CN, PH, ID, SG, MM, TH, VN, MY, KR,
CSTL 0.6 PCLS 0.9 THTR 0.6 TW, LY, EG, IR, MX, UY, CL, BO, DO, IS, IN
CVNT 0.6 PIER 0.6 TMB 0.7 0.3 All other countries (default)

DCK 0.6 PPL 0.6 TMPL 0.7

DCKB 0.6 PPLA 0.8 TNL 0.5

DIP 0.6 ppra2 0.7 UNIV 0.6

EST 0.5 PPLA3 0.7 WHRF 0.6

FRM 0.5 ppLA4 0.6 WRCK 0.5

46



	Introduction
	Related Work
	System Architecture
	Evaluation
	Dataset
	Entity Linking Evaluation
	User Evaluation

	Discussion and Conclusion
	Acknowledgements
	Bibliographical References
	GeoNames Index Configuration

