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Abstract

Information retrieval experimentation with biomedical literature,
despite an important area of research that can have a high impact,
is often gated by a high barrier of entry. This is due to a variety of
reasons including the requirement of bespoke document processing
pipelines, complex indexing pipelines, and domain-specific query
languages. While biomedical literature databases with freely avail-
able API access do exist, e.g., the Entrez API for PubMed and the
ClinicalTrials.gov API, the use of such APIs is limiting: rate limits,
restrictions on the number of documents that can be retrieved per
request, and no way to extend or add functionality. The usual op-
tion for overcoming these limitations is to scrape or download the
data, index it with an off-the-shelf search engine, and use whatever
query language is implemented by the search engine. These off-the-
shelf options are insufficient for reproducing retrieval in biomedical
tasks, such as, systematic reviews, clinical-trial design and evidence-
based clinical decision-making, that require retrieval from multiple
sources and complex query mechanisms. We provide a drop-in,
extendable, and open-source clean room re-implementation of two
commonly used biomedical literature APIs that dramatically lowers
the barrier of entry to experimentation in retrieval-based biomedi-
cal tasks. An overview of the system with example usage and video
showcase is available at https://orbit.health-nlp.com.
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1 Introduction

Performing information retrieval experiments with biomedical lit-
erature is essential for tasks such as systematic reviews and clinical
trial matching. Despite being freely available with API access, their
usage remains challenging for numerous reasons. These APIs, such
as the Entrez API for PubMed and the ClinicalTrials.gov API impose
rate limits to ensure fair access. However, this severely restricts the
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Figure 1: High-level architecture diagram of Orbit. Using
pybool_ir as the base, we re-implement biomedical literature
APIs, enabling the modification and extension of these highly
used services.

number of documents retrieved per request, and there is no way
to add new functionality, making the retrieval process extremely
time-consuming.

The other option to download and index the data locally is
equally challenging. Indexing literature databases require specialised
processing of not just the raw data, but also meta-data such as the
publication date and domain-specific ontologies such as MeSH,
with often little documentation about schema or type information.
These indexes additionally require constant update to deal with the
rate at which documents are published. Meanwhile on the retrieval
side, implementing query languages is error-prone and, depending
on the search engine used, not all syntax may be supported (e.g.,
adjacency operators that work like a more restrictive AND opera-
tor) or may have subtle differences compared to the original search
engine. Given the complexity of the setup itself, the usual route
is to use off-the-shelf tools. However, these off-the-shelf options
become insufficient when one wants to have more control over
the data processing, such as combining multiple sources, or query
mechanisms, such as processing complex Boolean queries.

Biomedical literature has been used in information retrieval
research for many decades, and continues to be used in active
research. Although several specific instances have been mentioned
above, it is also worthwhile mentioning in numbers, the amount
of shared tasks alone that use some form of biomedical literature:
four editions of TREC Precision Medicine, three editions of TREC
Clinical Trials, two editions of TREC BioGen, three editions of CLEF
Technology Assisted Reviews, and fourteen editions of BioAsq.
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Although not an exhaustive list, it does certainly beg the question:
how do we lower the barrier of entry to enable those that do not have
the expertise or infrastructure available to process and index the large
underlying document collections?

Orbit is positioned to allow not just individual researchers to
more easily access and experiment on these large document col-
lections, but also for shared task organisers to host specific slices
or instances of the data to ensure all participants are working on
the same collection. Furthermore, due to the use of standard in-
frastructure, these slices or instances of the data can be packaged,
archived, and distributed much more easily. Thus, participants can
work directly with the data without worrying about how to best
download and/or index rather than via an APL

Related Work. PubMed is a commonly used biomedical literature
search engine for information retrieval research.! For example, the
underlying document collection is used in shared tasks such as
TREC Clinical Decision Support,2 TREC-BioGen,®> CLEF BioASQ,4
and in information retrieval research such as work on automat-
ing systematic reviews, such as the CLEF Technology Assisted
Reviews tracks [5-7] and a more recent task on systematic review
updates [1]. The easiest approach to doing research in this space is
to use the API provided by PubMed, called Entrez [14]. Entrez Di-
rect is a command-line toolkit for accessing Entrez [8]. Europe PMC
API is another service that provides access to PubMed and other
sources.? ClinicalTrials.gov is yet another commonly used search
engine for biomedical literature.® For example, the underlying doc-
ument collection is used in shared tasks such as TREC Clinical
Trials,” TREC Precision Medicine,® and in information retrieval
research such as trial search [13, 17] and trial structuring [2, 3].
The Aggregate Analysis of ClinicalTrials.gov (AACT) database,’ is
a publicly available relational database of clinical trials parsed from
the ClinicalTrials.gov database accessible via Postgres clients to its
cloud-based database and can be downloaded as well. The AACT
setup, while useful for data analysis, is not suitable for running
retrieval experiments.

However, using such APIs comes with several limitations, namely
rate limiting, restrictions on the number of documents able to be
retrieved per request, no way to extend or add additional function-
ality (new ranking models, query processing techniques, etc.), and
being subject to arbitrary API changes. Recently the Entrez API
for PubMed was changed such that it was no longer possible to
request more than 10 000 documents.!® The ClinicalTrials.gov API
also imposes limitations on query endpoints to return a maximum
of 10 000 results. The field values endpoint limits a maximum of only
250 values and does not support search expressions. Specifically for
PubMed, notices about lapses in government funding is worrying
as countless researchers depend on the API for not just information
retrieval research but many areas of biomedical research [4].

!https://pubmed.ncbinlm.nih.gov/
Zhttps://www.trec-cds.org/2016.html

Shttps://trec-biogen.github.io
“https://clef2026.clef-initiative.eu/labs/bioasq/
Shttps://europepme.org/restfulwebservice

®https://clinicaltrials.gov/

"https://www.trec-cds.org/2023.html
Shttps://www.trec-cds.org/2020.html
“https://aact.ctti-clinicaltrials.org/
Ohttps://www.ncbi.nlm.nih.gov/books/NBK25499/#chapterd.retmax
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Table 1: Overview of the number of documents indexed across
the services, and the API endpoints implemented for them.

Service Corpus Original Orbit

Size (docs) APIs APIs

S ESearch

S Elnfo

S ESummary

S EFetch

S Studies

S Single Study

S Data Model Fields
S Search Areas

PubMed (Entrez) 40131104

ClinicalTrials.gov 570377

PPPLLL P PP

Search Biomedical Literature
Search PubMed and ClinicalTrials.gov databases with Orbit.

covid AND coronavirus

PubMed

307,491 hits

ClinicalTrials

3,706 hits

33341119: Coronavirus vaccine de... NCT04497779: Analysis of Corona...

32558641: [Coronavirus, emerging... NCT05278468: Association Betwe...
32387617: COVID-19: The first do... NCT05534074: University Hospital...
32134278: Perspectives on monoc... NCT04510441: Artificial Intelligenc...

32169119: The origin, transmission... NCT04609774: Aerosol Transmissi...

Figure 2: User interface of Orbit with the search results on
covid AND coronavirus from the PubMed and ClinicalTri-
als.gov indexes linked to the source documents.

Our Contribution. Given the widespread use of biomedical liter-
ature APIs for conducting research, it is important that access to
these APIs remains open and modifiable. As such, in this paper, we
present, Orbit, our open re-implementation of the PubMed Entrez
and ClinicalTrials.gov APIs. Figure 1 provides an overview of the
components in Orbit. Crucially, Orbit provides a drop-in replace-
ment for these APIs in a single command-line program. We provide
a docker-based pipeline that downloads, indexes, maintains, and
enables replication and extension of existing APIs without any limi-
tations imposed. We publicly release the code with a permissive MIT
license.!! In addition to being fully self-hostable, we also provide
an instance of our API accessible directly at https://orbit-api.health-
nlp.com and via a user-interface at https://orbit.health-nlp.com, see
Figure 2, for testing and demonstration purposes. Orbit, supports
the (1) re-implementation of new APIs (including those outside of
or relating to biomedicine) and (2) the extension of existing APIs
with new features that are not available in the original versions.

Uhttps://github.com/health-nlp/orbit
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2 Overview of Orbit

Table 1 provides an overview of the biomedical literature APIs that
have been implemented, the corpus size of each of these services,
and individual links to a description of the original API endpoints
and our re-implementations.

Target Users. The main problem that Orbit addresses is to provide
unrestricted access to APIs that are commonly used in biomedical
literature research. These APIs are used extensively, not just for
information retrieval and natural language processing research,
but in many areas of bioinformatics, where researchers need to
retrieve biomedical studies in bulk for analysis. Limitations or re-
strictions with these APIs can be a barrier to retrieval tasks and
their functionality is not flexible to changes or extensions.

We envision the two main groups as the target users of Orbit.
The first group is information retrieval and natural language pro-
cessing researchers that are investigating how to improve informa-
tion access in biomedical literature. The second group is end-user
biomedical researchers who consume biomedical APIs for their
own research.

Implementation Details. Figure 1 provides a high-level architec-
ture of Orbit. The re-implemention pipeline involves document pro-
cessing, indexing, and query processing setup using pybool_ir [15].
This library was demonstrated to reproduce the underlying PubMed
search engine and has been used successfully for retrieval exper-
iments [16]. However, productionising new methods using this
library is difficult, especially for putting it into the hands of end-
users. Orbit provides a way to allow end users of existing biomedical
APIs to access state-of-the-art methods without needing to adapt
to new tools or workflows.

Once the local indexes are up, we use the fastapi library to
re-implement the API endpoints [12]. The resulting API is fully
documented using the OpenAPI specification, providing a way for
users to try the API interactively.'? As the ClinicalTrials.gov API
also supports this specification, it is easily possible to compare it to
our re-implementation using the links in Table 1.

The pybool_ir library uses Lucene indexes to back the API
implementations in Orbit. This makes it possible to easily extend
existing and implement new Orbit APIs by using existing informa-
tion retrieval frameworks like pyserini [10] and pyterrier [11]
(as demonstrated by Scells and Potthast [15]). Orbit also supports
the ongoing update of these indexes, and can be configured to
periodically download and index newly published studies.

Finally, all re-implemented services in Orbit are built into docker
containers. We have implemented each step of the data acquisition,
processing, indexing, and hosting pipeline to depend on each other.
This allows the entire pipeline to run from a single command. Tak-
ing inspiration from the two-click experiments from pyserini [9],
this allows researchers to easily reproduce and extend complex data
processing pipelines that depend on the re-implemented APIs.

3 End-User Experience

Installing Orbit. Once the repository has been cloned, all of the
re-implemented APIs can be run at once using Docker compose.

2https://swagger.io/specification/
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from Bio import Entrez
from Bio.Entrez import _open, _build_request

db = "pubmed"
term = "headache[tiab]"

request = _build_request(
"https://eutils.[...]/esearch.fcgi",
{"db": db, "term": term})

entrez_record = Entrez.read(_open(request))

request = _build_request(
"https://orbit.[...]/esearch.fcgi",
{"db": db, "term": term})

orbit_record = Entrez.read(_open(request))

entrez_record["Count"], orbit_record["Count"]

Entrez API Orbit API

102 573 97010

Figure 3: Querying for all PubMed articles having to do with
headache in the title or abstract using the BioPython library.
The high-level helper functions have hard-coded URLSs, but
the methods listed above correspond to code in the helper
functions. Our user-interface provides a live interactive com-
parison. The code can also be run in an online notebook.

$ git clone git@github.com:health-nlp/orbit.git
[...]
$ docker-compose -f compose.all.yml up --build

L...1]

We also provide alternative scripts for running individual APIs. To
complete the entire acquisition, processing, and indexing pipelines
for the two implemented APIs in this paper, we found it took ap-
proximately one day.

Use with Existing Systems. There already exist many libraries for
dealing with biomedical literature APIs. We show how simply by
changing the base URL in existing python libraries, Orbit can be
used in existing pipelines.

Firstly, we highlight an adapted example of the API from the
biopython tutorial on Entrez.!® Figure 3 illustrates the code and
results of the API usage with the default Entrez URL and the Orbit
URL. Next, we experiment with the pytrials library.!* Figure 4
illustrates the code and results of these examples using the default
ClinicalTrials.gov URL and the Orbit URL.

User Interface. Since existing libraries may themselves come with
their own restrictions, such as, the maximum 1000 trials returned
by pytrials, our user interface allows users to directly compare
the search results of Orbit with the original APIs via live queries.
We demonstrate this feature in Figure 6. In this figure we compare
Orbit to the ClinicalTrials.gov studies endpoint.
Bhttps://biopython.org/docs/latest/Tutorial/chapter_entrez.html#pubmed-and-
medline

Yhttps://pytrials.readthedocs.io/
Shitps://colab.research.google.com/drive/1-i6-hOIxujft AdK_4VtHh8IsTZWZB70F



https://swagger.io/specification/
https://biopython.org/docs/latest/Tutorial/chapter_entrez.html#pubmed-and-medline
https://biopython.org/docs/latest/Tutorial/chapter_entrez.html#pubmed-and-medline
https://pytrials.readthedocs.io/
https://colab.research.google.com/drive/1-i6-hOIxujftA4K_4VtHh8IsTzWZB7oF

CIKM °26, November 07-11, 2026, Rome, Italy

from pytrials.client import ClinicalTrials

ct = ClinicalTrials ()

ct_records = ct.get_full_studies(
search_expr="Coronavirus_OR_COVID")

ct._BASE_URL = "https://orbit.[...]/api/v2/"
orbit_records = ct.get_full_studies(

search_expr="Coronavirus_OR_COVID")

len(ct_records), orbit_records["totalCount"]

ClinicalTrials.gov API Orbit API

1000 13071

Figure 4: Querying for full studies related to Coronavirus
or COVID. Note that the Python library pytrials does not
support paging and caps the number of studies to be returned
at 1000. The same footnote from Figure 3 can be used to run
this code interactively.

$ curl -X GET \
https://orbit.health-nlp.com/pubmed/ \
/entrez/eutils/esearch.fcgi?term=cancer&
retmode=trec&
trecqid=1 \

1 Q0 41588292 @ 1.0 orbit

1 Q0 41602872 1 0.9997 orbit
1 Q0 41602737 2 0.9994 orbit
1 Q0 41607415 3 0.9992 orbit
1 Q0 41555907 4 0.9989 orbit
1 Q0 41551008 5 0.9987 orbit
[...1

Figure 5: Returning a TREC run file from the Orbit Entrez
API endpoint. The same is possible for the clinical trials
endpoint.

The difference between the results returned by Orbit vs the orig-
inal APIs (5.4% less for PubMed in Figure 3 and 19.2% more for
ClinicalTrials.gov in Figure 6) arises due to query translation differ-
ences. Orbit does not perform the same automatic query expansion
on terms, which accounts for lower recall in PubMed data. Clini-
calTrials.gov performs a weighted match of limited data fields as
opposed to an unweighted and all fields match by Orbit resulting a
higher number of results returned.

Extending APIs. We demonstrate one extension we have made
to the two APIs that benefit information retrieval researchers in
Figure 5. Both PubMed and ClinicalTrials.gov are commonly used
to obtain a set of documents that is re-ranked using more advanced
ranking models. To better support this common use-case of the
APIs, we add another format parameter to the search endpoints of
our re-implementations to allow results to be returned in TREC
run format.

Shrestha Ghosh, Mert Okur, and Harrisen Scells

Orbit vs. Official APIs

Compare Orbit to official PubMed and ClinicalTrials.gov APIs.

Enter query terms.
X ] ClinicalTrials.gov PubMed Entrez m

ClinicalTrials.gov APl

coronavirus OR COVID|

Orbit API

Total hits: 13071 trials Total hits: 10550 trials

{ +{
"totalCount": 13071 "totalCount": 10550
"studies": . [ "studies": . [
0: . { 0: . {
“protocolSection": . { “protocolSection": . {
“identificationModule": “identificationModule":
o{ v {
"nctId": "NCT04497779" "nctId": "NCT05741320"

Figure 6: Comparison of Orbit results with the ClinicalTri-
als.gov API using the compare functionality.

4 Conclusion

We present Orbit, an open re-implementation of biomedical liter-
ature APIs, which offers a low barrier of entry to doing research
with biomedical literature and opening new avenues for accessing
biomedical literature. Our system enables anyone, whether bioinfor-
matician or information retrieval researcher, to get started working
with these large scale, complex document collections, where all
the steps from acquiring the data to running the API have been
pipelined to be run from a single docker command. Orbit enables
anyone to run the same API services locally bypassing rate limita-
tions and to extend API functionalities.

We have plans to extend the number of services beyond the two
re-implementations of the PubMed Entrez API and the Clinical-
Trials.gov APIL Future work involves systematic testing of query
translation and ranking functions of Orbit and the original APIs
and extending our re-implemented collections to include the open
access subset of PubMed Central, PMC, (i.e., PubMed articles with
a license that permits full-text distribution; 11 756 316 documents
at the time of writing),'® the open access subset of Europe PMC
(approximately 7.6 million documents at the time of writing),!” and
bioRxiv (a biomedical pre-print service; 435078 documents at the
time of writing).!® We intend to acquire, process, and index the full-
text of these documents as part of their API re-implementations,
significantly increasing the resources needed to host and distribute
this data which was not feasible in the scope of this paper. A hosted
version of Orbit is available at https://orbit.health-nlp.com and the
source code is available at https://github.com/health-nlp/orbit.
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