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ABSTRACT
The growing availability of biomedical data offers vast potential to improve human health, but the complexity and lack 
of integration of these datasets often limit their utility. To address this, the Biomedical Data Translator Consortium has 
developed an open-source knowledge graph–based system—Translator—designed to integrate, harmonize, and make infer-
ences over diverse biomedical data sources. We announce here Translator's initial public release and provide an overview 
of its architecture, standards, user interface, and core features. Translator employs a scalable, federated, knowledge graph 
framework for the integration of clinical, genomic, pharmacological, and other biomedical knowledge sources, enabling 
query retrieval, inference, and hypothesis generation. Translator's user interface is designed to support the exploration of 
knowledge relationships and the generation of insights, without requiring deep technical expertise and gradually revealing 
more detailed evidence, provenance, and confidence information, as needed by a given user. To demonstrate Translator's 
application and impact, we highlight features of the user interface in the context of three real-world use cases: suggesting 
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potential therapeutics for patients with rare disease; explaining the mechanism of action of a pipeline drug; and screening 
and validating drug candidates in a model organism. We discuss strengths and limitations of reasoning within a largely fed-
erated system and the need for rich concept modeling and deep provenance tracking. Finally, we outline future directions 
for enhancing Translator's functionality and expanding its data sources. Translator represents a significant step forward 
in making complex biomedical knowledge more accessible and actionable, aiming to accelerate translational research and 
improve patient care.

1   |   Introduction

Biomedical research has become increasingly specialized and 
siloed. Much research focuses on the treatment of symptoms, 
rather than on the elucidation of the underlying etiology of 
disease. Furthermore, each discipline may use distinct vocab-
ularies, ontologies, data sources, and data representations to 
describe and report their research, making the resulting knowl-
edge not interoperable. For example, an immunologist may 
focus on interactions between immune cells or molecules, with-
out considering the anatomical context, the modulatory role 
of non-immune biological systems such as the central nervous 
system or the autonomic nervous system, or knowledge derived 
from other disciplines.

The Biomedical Data Translator (“Translator”) program was 
conceptualized and funded in 2016 by the National Center 
for Advancing Translational Sciences (NCATS). The program 
aims to radically change the concept of “disease” from one 
that is symptom-based and narrowly-focused to one that is 
mechanism-based and considers, for example, the interplay 
between biomedical entities and biological systems, the rela-
tionship between rare and common disease, and the impact 
of social and environmental determinants of health and dis-
ease [1].

The Translator program aims to achieve this ambitious goal 
through the integration, harmonization, and exploration 
across hundreds of open clinical and biomedical data sources, 
using a knowledge graph (KG)–based approach to discovery 
[1–5], where the answers are fully qualified with evidence and 
provenance.

Here, we announce the initial public release of the Translator 
system, describe its user interface (UI) and supported features, 
and demonstrate the system's application across several high-
impact, real-world clinical and translational use cases. We close 
with a discussion on potential future directions and long-term 
sustainability plans.

2   |   Translator Overview

2.1   |   Knowledge Graphs

In a KG, the basic unit of knowledge is the semantic “triple,” 
or the core “subject-predicate-object” relationship [6]. The 
“subject” and “object” are represented as “nodes” and map to 
fundamental domain concepts (e.g., gene, chemical, pheno-
type, disease) that are findable in an existing biological or bio-
medical ontology. The “predicate” is represented as an “edge” 

and describes the relationship between nodes. For example, a 
core assertion may state that “prednisone-treats-asthma” [7]. 
The Translator system maintains the specificity of core asser-
tions by capturing the nuance and context of a given asser-
tion in subject-, object-, and statement-level qualifiers, or node 
and edge properties, depending on how the KG is technically 
modeled and implemented [8]. Finally, a “schema” is typically 
used to specify syntactic and semantic rules that constrain 
the KG by specifying how knowledge can be represented. 
The Translator Consortium has developed Biolink Model [4] 
as the program's preferred data model and high-level schema, 
since adopted by several other large-scale consortia such as 
the Monarch Initiative [9] and the Illuminating the Druggable 
Genome initiative [10].

A KG thus contains interconnected core assertions that to-
gether provide a rich source of information upon which rea-
soning algorithms can be applied, ranging in complexity from 
simply looking up existing or direct assertions to applying 
more complex chains of reasoning that infer new assertions-
that may or may not directly exist within the graph. As such, 
KGs provide a powerful architecture for knowledge represen-
tation and discovery, upon which many reasoning tools can 
be built to tap into and exploit the structured knowledge. For 
instance, KGs can be used to explain disease pathophysiol-
ogy, suggest drug candidates for testing in vitro or by way of 
predictive computational models, propose existing drugs for 
repurposing, explore potential mechanistic relationships be-
tween biomedical entities such as genes and chemicals or bi-
ological systems such as the immune system and the central 
nervous system, and explain the relationships between rare 
and common diseases.

2.2   |   Translator Architecture

The Translator system is primarily federated and hierarchical in 
design, with numerous contributing components and services, 
each serving a distinct role:

•	 The UI (see next section) provides access to the Translator 
system.

•	 Knowledge Providers (KPs) curate and integrate hundreds 
of openly accessible, domain-specific data and knowledge 
sources. These include specialized biomedical databases, 
text-mined resources, clinical knowledge repositories, and 
structured ontologies, all made interoperable to facilitate 
seamless data integration, sharing, and utilization.

•	 Autonomous Relay Agents (ARAs) integrate the knowl-
edge provided by the KPs and apply reasoning and 
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inference algorithms to derive new insights in response to 
user queries.

•	 The Autonomous Relay System (ARS) serves as a central 
relay station: it receives and broadcasts user queries from 
the UI to the ARAs; merges, scores, and sorts the results 
that are returned from the ARAs; provides node anno-
tations (e.g., US Food and Drug Administration (FDA) 
approval status on chemicals); and returns the merged-and-
scored results to the UI.

•	 The Standards and Reference Implementation (SRI) com-
ponent coordinates the integration, harmonization, nor-
malization, and interoperability across the many diverse 
Translator components by implementing the Translator 
Reasoner Application Programming Interface (TRAPI) 
standard [11], Biolink Model, and tools to support identifier 
normalization, node annotation, and ordering and organiz-
ing of results.

We provide more details in the Supporting Information 
(“Translator Supporting Infrastructure and Operations”, pp. 
2–8) and within a prior publication [3].

2.3   |   Translator User Interface

The Translator system is accessible via a UI that supports mul-
tiple templated queries and provides for deep exploration of re-
sults and all supporting evidence and provenance (see Video 1 
for a user tutorial).

The current version of the UI provides users with five distinct 
templated question or search options, accessible via a dropdown 
menu (Figure 1A). These options were introduced to streamline 
the design process and ensure that the site remains user-friendly. 
Each search option is accompanied by an icon representing the 
category of results the search will return, and the expected input 
is indicated in parentheses. These “visual cues” help users un-
derstand what to search for and what results to expect, enhanc-
ing the overall usability of the site.

After a user selects a specific query, they then can input a 
search term (Figure  1B). The UI helps users identify their 
desired search terms by providing available matching terms 
relevant to the query type. The UI then submits the query to 
the ARS for processing, and the retrieved results are presented 
to the user as a list of answers sorted by score (see Supporting 
Information: “Translator Supporting Infrastructure and 
Operations – ARS”, pp. 6–7). A filtering system was developed 
to assist the user in reducing the number of returned query 
results (Figure 1C).

The relationship between the queried concept and each of the 
results (“paths”) may have been retrieved directly from a knowl-
edge source, or indirectly by inference across multiple direct 
connections (Figure 1D). Each result may therefore include a set 
of intermediary nodes and a network of edges relating them to 
the query. A user can view attributes like the description, the 
categories that a drug fits into, a description of returned chem-
icals or drugs, and other properties. The UI also offers users an 
option to display the relationships within a network (“graph”) 
view that provides more detailed information about node con-
nectivity than the path view. The most granular view displays 
the full evidence and provenance supporting the connection be-
tween two concepts.

3   |   Application Use Cases

3.1   |   Suggesting Potential Therapeutics 
for Patients With Rare Disease

This use case originated with a patient who presented with a 
rare condition determined to be caused by a loss-of-function 
variant in the MET gene [12], clinically manifesting as non-
alcoholic fatty liver disease (NAFLD). A typical strategy for 
identifying treatment options is to search for drugs that in-
crease MET activity; however, overexpression of MET is asso-
ciated with multiple forms of cancer [13]. As such, we queried 
Translator to identify drugs that increase MET and are associ-
ated with NAFLD pathways but are not associated with cancer 

VIDEO 1    |    Short tutorial: Overview of the Biomedical Data Translator (“Translator”) system and example use-case applications. Translator was 
designed to accelerate translational science through a powerful resource to aid in the navigation and interpretation of complex biomedical data. By 
integrating and semantically harmonizing hundreds of diverse data sources and then applying complex reasoning algorithms to the integrated and 
harmonized data, Translator enables users to explore both direct and indirect relationships between genes, diseases, drugs, and other biomedical 
entities, as well as the provenance and evidence supporting all assertions. Learn more at ui.​trans​ltr.​io. Video content can be viewed at Appendix S2.

http://ui.transltr.io


4 of 13 Clinical and Translational Science, 2025

FIGURE 1    |     Legend on next page.
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(Figure  2A). When asked “what chemicals may increase the 
activity of MET [human]?”, Translator returned 900 results. 
We then filtered the results down to 283 by requiring the chem-
ical category to be “Drug” and then further filtered to six by 
also requiring the chemical role classification to be “Pathway 
Inhibitor”. Three of these results (etoposide, hydroxyurea, and 
methotrexate) are antineoplastic agents, identified as indirect 
assertions (inferences), with multiple supporting paths each 
(Figure 2B). Requiring instead the chemical role classification 
to be “Anti-inflammatory Agent”, given the role of inflamma-
tion in the pathology of NAFLD [14], we identified 10 results, 
two of which (tretinoin and prednisolone) also are used as an-
tineoplastic agents among other indications. In combination, 
we were able to shortlist five potential drug treatments that 
were deemed by our clinical experts as being worthy of further 
analysis: etoposide; hydroxyurea; methotrexate; tretinoin; and 
prednisolone. For each of these drug candidates, Translator 
provided detailed annotation and reasoning provenance that 
can now be evaluated, together with external or proprietary 
information not provided by Translator, by our clinical col-
leagues for viability, in terms of toxicity profile, potential side-
effects, etc. For instance, LiverTox indicates that etoposide has 
a relatively low potential for irreversible hepatic toxicity [15], 
and Drug Bank indicates that the drug has relatively few side-
effects [16].

3.2   |   Exploring and Explaining the Mechanism 
of Action of a Pipeline Drug

Vascular Ehlers Danlos Syndrome (vEDS) is a rare disease 
caused by mutations in the COL3A1 gene [17] for which there 
are no approved treatments. Celiprolol, a drug that is indicated 
for the treatment of mild to moderate hypertension and effort-
induced angina pectoris [18, 19], is in development for repurpos-
ing in the treatment of vEDS (Acer Therapeutics, since acquired 
by Zevra Therapeutics) [20]. However, the drug development 
effort has been hampered by a lack of an acceptable animal 
model and uncertainty regarding celiprolol's potential mecha-
nism of action in the treatment of vEDS (Figure 3A). As such, 
we turned to Translator as a non-animal methodology [21, 22] 
for deeper exploration of the potential therapeutic efficacy of ce-
liprolol, including its mechanism of action. Translator's top an-
swer to “what drugs may treat conditions related to vEDS?” was 
(s)-celiprolol (an enantiomer of celiprolol), with a direct asser-
tion sourced from Drug Repurposing Hub [23] (Figure 3B). We 
then asked “what gene's activity may be decreased/increased 

by celiprolol?” The top result was a direct assertion from 
DrugBank [24], supported by a publication [25], that celiprolol 
decreases the activity of ADRB1, reinforcing celiprolol's estab-
lished mechanism of action as a selective β1 receptor antago-
nist [18, 19] (Figure 3C). Among the indirect or inferred results 
was COL1A1, which Translator evidence stated “encodes the 
pro-alpha1 chains of type I collagen”. The reasoning chain, and 
the supporting evidence and provenance, showed that celiprolol 
increases the activity of ADRB2, which then decreases the ac-
tivity of COL1A1. The assertions were provided by DrugCentral 
[26] and Text Mining KP [27], respectively. Thus, the indirect 
inferred result both supports celiprolol's established mechanism 
of action as a β2 receptor partial agonist [18, 19] and suggests 
that the efficacy of celiprolol in the treatment of vEDS may be 
indirect and reflect a decrease in the expression or activity of 
COL1A1 [28]. Indeed, mutations in COL1A1 result in an alter-
ation of the collagen pro-α1 [1] chain that disrupts the structure 
of type 1 collagen fibrils, trapping collagen inside cells and in-
creasing the risk of blood vessel rupture [28] As such, decreases 
in the altered protein chain would reduce the impact of a struc-
tural disruption in collagen.

3.3   |   Screening and Validating Drug Candidates 
Using a Model Organism

Bi-allelic, loss-of-function variants in the CAMSAP1 gene cause 
a rare syndrome that is associated with a distinct craniofacial 
appearance, primary microcephaly, severe neurodevelopmental 
delay, cortical visual impairment, and seizures [29]. Mutations 
in the CAMSAP homolog ptrn-1 also cause increased convul-
sions and paralysis in (ptrn-1) mutant C. elegans worms [30, 31]. 
We used Translator to identify drug candidates targeting mo-
lecular signaling pathways known to involve CAMSAPs for 
subsequent screening in the C. elegans model (Figure 4B). The 
selected targets included the genes DAPK1 [32], MAP3K12 
[30], MAP3K5 (ASK1) [33], EZR [34], RDX [34], MSN [34], and 
KIF2A [35]. For each gene, we asked “what chemicals may 
decrease the activity of Gene X?” After filtering results by US 
FDA approval status, the evidence supporting each drug was 
manually evaluated by our colleagues, prioritizing those results 
with easily verifiable publications. For example, one result was 
for acetylsalicylic acid and included an indirect assertion that 
“acetylsalicylic acid decreases the activity of KIF2A”, with 10 
supporting paths involving nine unique intermediary genes. 
One supporting path asserted that “acetylsalicylic acid causes 
increased activity or abundance of BDNF, which causes reduced 

FIGURE 1    |    Translator UI and select features. (A) Users select a templated question or search option as an initial step when using Translator. (B) 
After selecting a template, users then select a search term, “Adrenocortical insufficiency” in this example, facilitated by the autocomplete feature. (C) 
After running a query, users may filter results by a number of facets, including “chemical category” and “chemical role classification”. (D) Translator 
evidence and provenance are returned by the UI to support each answer. In this example, the user asked: “what drugs may treat conditions related 
to adrenocortical insufficiency?” After filtering for “drug” and excluding “adjuvant”, “aetiopathogenetic role”, and “diagnostic agent”, Translator 
returned “hydrocortisone cypionate” as the top result. Three direct paths were returned. One direct path was supported by two different primary 
knowledge sources, DrugCentral and SIDER, with URLs to Translator Wiki pages that include a brief description of the source and example edges or 
records. The indirect evidence included a path that asserted “hydrocortisone cypionate is in clinical trials for chronic primary adrenal insufficiency, 
which is a subclass of adrenocortical insufficiency,” with URLs provided for the relevant clinical trials. Results can be found at: https://​ui.​trans​ltr.​
io/​resul​ts?​l=​Adren​ocort​ical%​20Ins​uffic​iency​&​i=​MONDO:​00000​04&​t=​0&​r=​0&​q=​453bd​b5c-​e076-​4471-​ad17-​90185​d364b18 (generated 02:44 PM 
EST, October 28, 2024).

https://ui.transltr.io/results?l=Adrenocortical Insufficiency&i=MONDO:0000004&t=0&r=0&q=453bdb5c-e076-4471-ad17-90185d364b18
https://ui.transltr.io/results?l=Adrenocortical Insufficiency&i=MONDO:0000004&t=0&r=0&q=453bdb5c-e076-4471-ad17-90185d364b18
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activity or abundance of KIF2A” [36, 37] (Figure 4B). After this 
curation process, our colleagues identified several candidates 
for further testing: acetylsalicylic acid; amantadine; querce-
tin; spermidine; epigallocatechin gallate; and resveratrol. Our 

colleagues then conducted a low-throughput repurposed drug 
screen to determine the impact of the candidates in a convul-
sion/paralysis assay with wildtype versus CAMSAP (ptrn-1) 
mutant C. elegans worms [38]. Four of the six drugs impacted 

FIGURE 2    |     Legend on next page.
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the mutant phenotype, with salicylic acid (derivative of acetyl-
salicylic acid), amantadine, and quercetin causing a reduction 
in convulsions/paralysis, and epigallocatechin gallate caus-
ing an increase in convulsions/paralysis (data not shown). For 
spermidine, the phenotype in the CAMSAP mutant was too 
variable to be conclusive. Resveratrol had no effect (data not 
shown). Further testing is warranted to fully assess the selected 
candidates' therapeutic potential and resolve observed inconsis-
tencies. Although Translator can provide suggestions and hy-
potheses for further investigation, along with full evidence and 
provenance to support results, the system does not suggest spe-
cific study protocols. Nonetheless, these findings underscore the 
power of Translator to propose drug candidates for further test-
ing, using user-identified methodologies and protocols, and the 
importance of targeted testing for viable therapeutic candidates 
for rare genetic conditions like CAMSAP1 deficiency.

4   |   Discussion and Next Steps

The current Translator UI [39] embodies a philosophy of min-
imalist design and progressive disclosure, carefully crafted 
to manage the complexity of vast biomedical data and the 
Translator infrastructure. This approach prioritizes user expe-
rience by presenting a clean, intuitive interface that the user can 
customize, gradually revealing more detailed information as 
needed. This design strategy has proven effective in handling 
single-query interactions, allowing users to navigate from broad 
search terms to specific, evidence-backed relationships derived 
from the underlying Translator system. Herein, we present 
three application use cases, each one highlighting key features 
of the UI and the application of Translator to drive translational 
innovation by suggesting therapeutics for rare disease, explain-
ing the mechanism of action of a pipeline drug, and providing 
candidate drug targets for subsequent screening and validation 
in a model organism.

Translator is not the only biomedical KG-based system available 
today; others include Causaly [40], Elsevier's EmBiology [41], 
BIOTEQUE [42, 43], Open Targets [44], and STRING [45] (also 
see Haas [46]). We note, however, that Translator differs from 
these systems in several distinct ways (see Table 1 for a qualita-
tive comparison of Translator versus select biomedical KG-based 
systems). First, both the Translator UI and the underlying in-
frastructure are open source and publicly available, while most 
other systems are proprietary. Second, Translator is not simply a 
biomedical question-answer system; rather, Translator provides 
a comprehensive reasoning system that is largely federated and 
operates on numerous KGs to derive answers to user queries. 
Indeed, the federated nature of the Translator system allows for 

a hybrid approach to reasoning, leveraging the strengths of dis-
tinct reasoning systems and algorithms and operating on both 
static and dynamic underlying knowledge sources in near–real 
time. Other KG-based biomedical systems likewise invoke ad-
vanced reasoning algorithms, but these systems are designed 
to operate on single KGs and, in some cases, highly specialized 
data sources, such as pathways (BIOTEQUE) [42, 43] or proteins 
(STRING) [45]. Finally, a major strength and distinguishing 
feature of Translator is that the system is fully transparent and 
provides users with the underlying evidence, provenance, and 
confidence supporting its answers. The provenance includes the 
“primary knowledge source”, which is the source that provided 
a specific edge assertion (e.g., CTD), and the “knowledge level”, 
which is the type of knowledge that is being reported (e.g., a 
general statement of knowledge, a statistical association, com-
putational predictions). Other examples of evidence and prove-
nance for edges and results, include (when available) supporting 
publications, p values, and experimental data such as binding 
affinities. Translator provides confidence in results by way of a 
“Confidence Score”, which is a composite of individual scores 
returned from each of the ARAs, with each ARA developing its 
score based on its choice of evidence and logic. The UI provides a 
facet to filter out direct results for users who may be more inter-
ested in the novelty or originality of indirect results. (See “Result 
Scoring and Annotation” and “Evidence and Provenance” sec-
tions of the Supporting Information, pp. 9–12.)

Another strength of Translator is the breadth of knowledge 
sources that are captured and integrated into the Translator 
system. This diversity also is likely to be a differentiator of 
Translator when comparing other biomedical KG systems, al-
though it is difficult to fully ascertain the knowledge available 
within the proprietary KG systems. The Translator Consortium 
aims to include as many publicly available datasets as possible 
[1], regardless of country of origin, organism, or focus area. The 
only “restriction” placed on Translator knowledge sources is that 
they must be publicly available. The Consortium continually in-
gests new knowledge sources, with the goal of providing a broad 
range of data sources and types. Moreover, because Translator's 
knowledge sources are integrated and semantically harmonized, 
the reasoning algorithms that are applied to the data to derive 
new insights consider ALL of the available knowledge, with fil-
ters in place or under development to allow users to hone in on 
subsets of the available data (e.g., humans only) (See “Knowledge 
Sources and Knowledge Providers” section of the Supporting 
Information, pp. 2–3, for additional information.)

Other considerations worth mentioning are the theoretical con-
structs of “dark data” and “blind spots” [47] and the related con-
structs of “known unknowns” and “unknown unknowns” [48]. 

FIGURE 2    |    Use case: Suggesting potential therapeutics for a patient with rare disease. (A) Conceptual framework. This use case was driven by a 
patient with a loss-of-function genetic variant in the MET gene that presented clinically as non-alcoholic fatty liver disease (NAFLD). Translator was 
used to seek chemical entities that cause an increase in the activity or abundance of MET but are not associated with cancer, a common occurrence 
with overexpression of MET. (B) After filtering by “drug” and chemical role of “pathway inhibitor”, Translator returned etoposide as the top answer, 
along with a brief description of the drug and a flag noting that it has an additional chemical role of “antineoplastic agent”. The indirect assertion was 
accompanied by nine supporting paths. For example, one path asserted that “etoposide causes increased activity or abundance of AKT1, which up-
regulates MET”. Results can be found at: https://​ui.​trans​ltr.​io/​resul​ts?​l=​MET%​20(Human)​&​i=​NCBIG​ene:​4233&​t=​1&​r=​0&​q=​1e513​a61-​9d3a-​4aee-​
90c4-​8e42c​004933f (generated 2:32 PM EST, October 25, 2024).

https://ui.transltr.io/results?l=MET (Human)&i=NCBIGene:4233&t=1&r=0&q=1e513a61-9d3a-4aee-90c4-8e42c004933f
https://ui.transltr.io/results?l=MET (Human)&i=NCBIGene:4233&t=1&r=0&q=1e513a61-9d3a-4aee-90c4-8e42c004933f
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FIGURE 3    |     Legend on next page.
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The Translator Consortium currently is exploring these topics 
in the context of a “Novelty Score” that is under development 
(see “Results Scoring and Annotation” section of the Supporting 
Information, pp. 9–11). For example, consider a Novelty Score 
based on the recency of publications. Blind spots resulting from 
dark data will decrease over time as new publications arise and 
new edge predictions are made, but new blind spots will inevi-
tably emerge to replace the known blind spots. The Translator 
Consortium is considering several approaches to account for 
these important considerations, including the implementation 
of a variety of filters to allow users to prioritize answers based 
on their interests. For example, a user may be interested in 
edges with little to no publication support as a way to capture 
“novelty”.

The advent of large language models (LLMs) has sparked inter-
est among many biomedical KG communities, including those 
highlighted in Table  1, in how best to leverage the strengths 
of LLMs, while minimizing their weaknesses. The Translator 
Consortium has been actively exploring approaches for integrat-
ing LLMs and generative AI into the Translator system (also 
see “LLM Integration” within the Supporting Information, pp. 
12–13). A number of approaches are in early development or 
under consideration, including a “summarization service” that 
generates high-level summaries of results with key mechanistic 
explanations highlighted; an “edge summarization service” that 
generates publication-supported summaries of specific edges in 
results; and a variety of embedding approaches such as a meta-
data standard created by the Translator Consortium called ven-
omx that captures important metadata about embeddings.

4.1   |   Limitations

While Translator has numerous strengths and attractive fea-
tures, it also has limitations. Even though Translator aims to 
return answers to user queries in a timely manner, the system 
can—for some queries—be slow and computationally expensive. 
A major goal of the next phase of development is to focus on per-
formance improvements. Translator also is limited by the data 
modeling constraints inherent in KGs, for instance, the context, 
temporality, and high-dimensionality of data. The Translator 
Consortium is working with the Biolink Model community to 
improve their modeling approaches in support of nuanced que-
ries and richly decorated answers. Related, Translator currently 
does not consider quantitative factors such as dose, potency, and 
duration of exposure in queries (e.g., side-effects of drug X at 
doses above Y mg/kg or toxicity of chemical X at concentrations 
above Y μg/mL). The system also does not support user filter-
ing by quantitative metrics. However, Translator will return 

quantitative metrics in results, when provided by the underlying 
knowledge sources. Approaches for leveraging quantitative met-
rics are a topic of discussion with the Translator Consortium. 
Additionally, users should be aware that Translator intention-
ally conflates certain biomedical concepts such as genes and 
proteins, reflecting the conflation in the underlying knowledge 
sources. Likewise, provenance is limited by the underlying 
knowledge sources, sometimes resulting in an inability to ac-
curately trace complex and incomplete trails of ownership and 
algorithmic transformations of primary data and knowledge. 
Finally, due to the federated nature of the system and ongoing 
optimization of scoring and filtering methods, the results ob-
tained for the same query may change over time.

4.2   |   Potential Future Directions

Translator remains in active development. While the Translator 
Consortium has not yet finalized or prioritized next steps, sev-
eral possibilities are under discussion.

For example, we plan to extend the number and types of tem-
plated queries that are supported by the UI. One such query that 
is in development is the “pathfinder” query. Instead of asking 
“what drugs may treat disease X?” or “what gene's activity may 
be increased/decreased by chemical Y?”, the pathfinder query 
asks “how are entities X and Y related?” or “why does entity X 
interact with entity Y?” As such, pathfinder queries focus on ex-
plaining the relationship between entities by constructing paths 
between them. Paths are not required to be mechanistic, nor are 
they required to be direct, and predicates are agnostic, meaning 
that they are not specified by a user. Instead, pathfinder que-
ries identify general paths between two entities, which may tra-
verse through multiple intermediate nodes and invoke various 
predicates.

Another new type of query is the “set-input” query, which al-
lows a user to select a set of specified biomedical entities as input 
terms, as well as a general type of output entity, and Translator 
returns paths that match many, but not necessarily all, of the 
input terms. In contrast, a batch query, which is currently sup-
ported by Translator, allows users to enter multiple input terms 
for a query, but the query is then executed sequentially or in par-
allel when possible, with independent results returned for each 
input term. The set-input query allows users to ask, for instance, 
“what genes are shared by a set of input phenotypes that charac-
terize a patient with an undiagnosed rare disease?”

We also plan to improve and expand the scoring, ordering, 
and organizing of results that are displayed to users. For 

FIGURE 3    |    Use case: Exploring and explaining the mechanism of action of a drug. (A) Conceptual framework. This use case focused on celipro-
lol, a pipeline drug in clinical trials for the treatment of vascular Ehlers Danlos Syndrome (vEDS). The lack of an acceptable animal model of vEDS 
prompted the use of Translator to suggest a mechanism of action to support celiprolol's efficacy in the treatment of vEDS. Translator sought both 
direct and indirect evidence for celiprolol decreasing the activity of an unspecified Gene B. (B) Among the direct evidence was an assertion that 
“ADRB1 has decreased activity caused by celiprolol,” with two direct edges, one of which was from DrugBank and included a supporting publication. 
(C) Among the indirect evidence was an assertion that “COL1A1 is downregulated by ADRB2, which has increased activity or abundance caused 
by celiprolol”. Results can be found at: https://​ui.​trans​ltr.​io/​resul​ts?​l=​Celip​rolol​&​i=​CHEBI:​94461​&​t=​4&​r=​0&​q=​fd062​8dd-​54c5-​490d-​98b6-​89483​
d35ad00 (generated 03:47 PM EST, October 18, 2024).

https://ui.transltr.io/results?l=Celiprolol&i=CHEBI:94461&t=4&r=0&q=fd0628dd-54c5-490d-98b6-89483d35ad00
https://ui.transltr.io/results?l=Celiprolol&i=CHEBI:94461&t=4&r=0&q=fd0628dd-54c5-490d-98b6-89483d35ad00
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example, we may group gene sets based on their membership 
to the same biological pathway. In addition, we may add new 
filters and facets to the UI, for example, exposing the Clinical 

Information Score. This score represents drug-disease associ-
ations as observed in real-world patient data and is currently 
being used for scoring and ordering of results (see Supporting 

FIGURE 4    |     Legend on next page.
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Information “Results Scoring and Annotation”, pp. 9–11 for 
details).

Another possible future direction is to expand the portfolio of 
workflow operations that are supported by Translator. For in-
stance, we may want to chain workflow operations together in a 
manner that supports iterative and more complex queries.

Finally, with the major initial public release complete and the 
supporting infrastructure in place, the Translator Consortium 
is considering approaches to expand beyond its current team of 
software developers and end users in order to extend the reach 
of the program and the use of the Translator system, in support 

of open-source software development, open team science, open 
community engagement, and long-term sustainability. For 
example, we may offer “Bring Your Own data/knowledge to 
Translator” (BYOT) capabilities. One BYOT prototype, the Gene 
Network Inference For Expression Regulation (GenNIFER) ap-
plication [49], overlays Translator gene regulation knowledge 
for validation of inferred gene regulatory networks derived from 
single-cell RNA-seq datasets. BYOT capabilities will allow exter-
nal users to more readily engage with the Translator Consortium 
and contribute to development of the Translator system by ex-
panding the knowledge sources supported by Translator, while 
also helping to sustain the underlying data and software infra-
structure and facilitating the external user's own research.

FIGURE 4    |    Use case: Screening and validating drug candidates using a model organism. (A) Conceptual framework. This use case focused on a 
rare syndrome associated with seizures and other neurological symptoms and caused by bi-allelic, loss-of-function variants in the CAMSAP1 gene. 
Translator was used to propose drug candidates targeting molecular signaling pathways known to involve CAMSAPs for subsequent in vitro screen-
ing in a C. elegans model of the disease. (B) One of the drugs identified as a target for KIF2A was acetylsalicylic acid. An indirect supporting path 
asserted that “acetylsalicylic acid causes increased activity or abundance of BDNF, which causes downregulated activity or abundance of KIF2A”. 
Results can be found at: https://​ui.​trans​ltr.​io/​resul​ts?​l=​KIF2A%​20(Human)​&​i=​NCBIG​ene:​3796&​t=​2&​r=​23d52​e95&​q=​b3562​865-​bda6-​4e8c-​a83f-​
06500​4983843 (generated 03:03 PM CST, November 06, 2024).

TABLE 1    |    Qualitative comparative analysis of Translator and several other biomedical KG-based systems.

System Open source Reasoning support
Centralized or 

federated

Evidence, 
provenance, 
confidence

AI/LLM 
integration

Translator [39] Yes Integrates multiple 
types and sources of 
biomedical data for 

comprehensive analysis 
across biomedical entity 
types and relationships, 

leveraging several distinct 
reasoning algorithms

Federated (integrates 
and semantically 
harmonizes data 
from hundreds of 
diverse sources)

Provides detailed 
evidence and 
provenance 

information, as 
well as confidence 

scores

Exploring AI 
integration

Causaly [40] No 
(proprietary)

Uses AI for causal 
relationship 

identification, but limited 
in terms of the available 
biomedical entity types

Centralized 
(proprietary database)

Offers evidence and 
confidence metrics

Uses AI for 
data analysis

EmBiology [41] No 
(proprietary)

Focuses on biological 
relationship exploration 

between select 
biomedical entities

Centralized 
(proprietary database)

Provides evidence 
and provenance 

details

Integrates 
AI for data 

insights

BIOTEQUE 
[42, 43]

Yes Supports queries and 
reasoning targeting 
biological pathways

Centralized (integrates 
datasets into a single, 

unified platform)

Offers detailed 
provenance and 

confidence scores

Uses AI 
for data 

processing

Open Targets 
[44]

Yes Provides tools for protein 
target identification 

and validation

Centralized (integrates 
datasets into a 

single platform)

Offers 
comprehensive 
evidence and 
provenance

Exploring AI 
integration

STRING [45] Yes Integrates known and 
predicted protein–

protein interactions

Centralized (integrates 
multiple data sources)

Provides 
confidence scores 

for interactions

Not focused 
on AI/LLM 
integration

Abbreviations: AI = artificial intelligence; LLM = Large Language Model.

https://ui.transltr.io/results?l=KIF2A (Human)&i=NCBIGene:3796&t=2&r=23d52e95&q=b3562865-bda6-4e8c-a83f-065004983843
https://ui.transltr.io/results?l=KIF2A (Human)&i=NCBIGene:3796&t=2&r=23d52e95&q=b3562865-bda6-4e8c-a83f-065004983843
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