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Abstract

The interpretation of DNA variants enables personalized medicine through precise diagnosis and treatment selection. To address
the challenges of manual interpretation, a wide range of automated tools has been created. This study evaluates these tools
through a comprehensive analysis of their features, methodologies, and performance assessment against the interpretations of the
ClinGen Expert Panel for 256 variants associated with cardiomyopathies, hereditary cancer, or monogenic diabetes. Although the tools
demonstrated high accuracy for clearly pathogenic/benign variants, they showed significant limitations with variants of uncertain
significance (VUS). Despite current advances in automation for variant interpretation, our findings show that expert oversight is still
needed when using these tools in a clinical context, particularly for VUS interpretation.
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Introduction

During the past decade, precision medicine has revolutionized
clinical care by tailoring diagnoses and treatments to the unique
characteristics of each patient, moving beyond the limitations of
traditional, one-size-fits-all approaches. Genomics is central to
this personalized approach, as it plays a critical role in under-
standing how DNA variants shape our physical traits, predispose
us to certain health conditions, and affect our responses to spe-
cific treatments.

The effect of a variant can range from neutral to significant
in terms of health impact, and the process of determining its
significance for an individual’s health is known as variant inter-
pretation. This interpretation process follows specific guidelines
to ensure consistent and accurate results. These guidelines have
been widely adopted by geneticists and clinical experts [1], and
provide a standardized framework for classifying variants into
five clinically relevant categories: pathogenic, likely pathogenic,
uncertain significance, benign, and likely benign.

One of the first and most widely adopted guidelines is the
one developed by the American College of Medical Genetics and
Genomics (ACMG) and the Association for Molecular Pathology
(AMP) in 2015 [2]. As experts began to use these guidelines, they
realized how important it was to adapt them to account for
the nuances of specific genes, diseases, and types of variants.
This natural progression toward specialization, known as “guide-
line adaptation” [3], has resulted in hundreds of adapted clini-
cal guidelines. Examples include the AMP/ASCO/CAP guidelines
for somatic variant interpretation [4] and the ACMG-ClinGen

guidelines for copy number variant (CNV) analysis in constitu-
tional genetics [5].

Despite their difference in scope, all guidelines share a
common element: they establish criteria whose fulfillment
determines the variant interpretation. However, evaluating
these criteria is not easy, and it requires analyzing complex
evidence distributed across thousands of heterogeneous data
sources. In the early stages of adopting these guidelines, this was
commonly a manual task that quickly proved to be intricate,
time-consuming, and prone to human errors and inconsistencies
among experts [6]. To address these challenges, two distinct
computational approaches have emerged to assist in genetic
variant interpretation.

First, in silico predictors. These predictors use computational
algorithms, often incorporating artificial intelligence (AI) or com-
plex statistical methods, to predict a variant’s likelihood of caus-
ing a significant functional effect by assessing characteristics
such as evolutionary conservation and physicochemical proper-
ties. However, their accuracy is variable and often depends on
the variant type or specific gene affected. Consequently, current
interpretation guidelines explicitly state that these tools are not a
substitute for the interpretation process, but rather complemen-
tary evidence to be used cautiously.

Second, variant interpretation automation tools, which offer a more
comprehensive solution due to their intention of replicating the
entire variant interpretation process. These tools focus specif-
ically on automating the evaluation of criteria defined within
established clinical interpretation guidelines. To do so, these tools
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collect, integrate, and assess diverse data from multiple sources in
accordance with the specific conditions and evidence thresholds
outlined in the guidelines. Essentially, these tools strive to repli-
cate the human expert assessment, enhancing efficiency through
automation. In fact, they often incorporate in silico predictors’ data
as one of the lines of evidence in their comprehensive evaluations.
Currently, there is significant variability among these tools in the
number of criteria that they automate, how they perform such
automation, and the data sources that they use. Consequently,
the reliability and consistency of these tools in clinical settings
remain uncertain.

This work addresses this knowledge gap by characterizing and
evaluating variant interpretation automation tools, given their
design to facilitate the comprehensive, guideline-driven interpre-
tation process crucial for robust clinical decision-making. We aim
to do so by (i) presenting a comprehensive overview of exist-
ing tools that automate variant interpretation, highlighting their
interpretation methodology, accepted input formats, technologi-
cal features, and update frequency; and (ii) assessing the perfor-
mance of the most broadly-applicable tools by comparing their
interpretations with those provided by ClinGen Expert Panels
using a set of 256 variants. For this assessment, the tools were
selected based on their potential for widespread clinical adop-
tion, including support for both GRCh37 and GRCh38 reference
genomes, the availability of a user-friendly web interface, and the
applicability to any clinical domain.

By achieving these objectives, we aim to provide a comprehen-
sive overview of the current landscape of variant interpretation
tools and an analysis of the practical applicability of these tools
for routine clinical practice. To the best of our knowledge, this
combined approach of comprehensive review and targeted per-
formance assessment is novel in scope and depth.

The remainder of this paper is structured as follows: The
Variant Interpretation Tools section presents the methodology
used to identify currently existing tools; The Overview of the
Variant Interpretation Tools section describes their functionality
and technical specifications; The Case study section details a case
study that compares the performance of a subset of tools; The
Discussion section analyzes the implications of our findings for
researchers and practitioners; and finally, the Key Points section
highlights the main contributions and addresses future research
directions.

Variant interpretation tools

To identify freely available tools automating variant interpreta-
tion, we conducted a Targeted Literature Review (TLR), a non-
systematic, in-depth, and informative literature review to identify
significant references and maximize rigor while minimizing bias.

The TLR search was conducted using PubMed (https://pubmed.
ncbinlm.nih.gov), a comprehensive repository for biomedical lit-
erature containing over 36 million citations. We defined a syntac-
tic query combining key terms related to variant interpretation,
genomics, and automation (see Fig. 1 for further details).

The query is structured into four parts, each addressing a differ-
ent selection criterion, highlighted in Fig. 1 with a specific color. In
blue, we include the two terms commonly used to describe a DNA
variant: “variant” and “variation.” In orange, we target papers that
mention interpretation-related terms, such as “classification”—
often used synonymously with interpretation in this field—or
derivatives of ACMG-AMP guidelines—as they are most widely
used. In green, we narrow our focus to the DNA domain, incor-
porating terms such as “genomic” and “genetics.” Lastly, the pink

component of the query seeks articles that describe the imple-
mentation of the interpretation process by considering terms like
“software,” “tool,” or “automation.”

The titles and abstracts of the publications retrieved from
PubMed were manually reviewed, and each article was classi-
fied into one of the following groups: “irrelevant,” “not a tool,”
“preprint,” or “tool” (see Table 1 for detailed definitions of each
category). For the purposes of this study, only articles classified
as “tool” were considered relevant.

We acknowledge that some tools may not have been docu-
mented in academic literature. To ensure all available tools were
captured, we complemented the TLR with a web search using the
Google search engine. We used “variant interpretation tool” as the
query search, a broad term intended to encompass a wide range
of potential tools. We limited the search to the first 10 pages of
results to balance comprehensiveness and feasibility. Each result
was manually evaluated against the criteria defined in Table 1,
focusing on those websites that host tools designed to automate
the evaluation of interpretation guidelines such as the ACMG-
AMP.

To ensure the relevance and applicability of our findings, the
tools identified through both search strategies were subject to a
final filtering process according to the criteria outlined in Table 2.
These criteria were designed to select tools that are (i) free to use,
(ii) stand-alone in operation, (iii) currently available online, (iv)
fully automated (i.e. no manual input is required), and (v) focused
on automating the evaluation of an entire guideline, rather than
focusing on a single criterion.

Following the methodology described above, we conducted the
search on 30 July 2025. The PubMed query yielded a total of 1544
publications, which were categorized according to the criteria out-
lined in Table 1. As a result, 1129 were classified as “Not a tool,” 363
as “Irrelevant,” 26 as “Preprint,” and 25 as “Tool.” Complementing
these results, the web search uncovered nine additional tools,
seven of which had not been identified in the literature search.
In total, 32 tools advanced to the next stage of our analysis.

Each of these 32 tools was manually analyzed according to
the filtering criteria described in Table 2. Only tools that met all
filtering criteria were selected for further analysis. The results of
the filtering process, summarized in Fig. 2, led to the exclusion of
19 tools for the following reasons: four tools were not freely acces-
sible (open access filter); four tools relied on existing automation
rather than providing new approaches (novelty filter); four tools
had nonfunctional web pages or code repositories (availability
filter); six tools lacked full automation of the criteria (automation
filter); and one tool only automated a single criterion of the
ACMG-AMP guidelines (completeness filter). Consequently, 13 tools
met all established criteria and were selected for further analysis.
A full list of all 1544 articles and the 32 initially identified tools,
including detailed exclusion reasons for the 19 tools that did not
meet our selection criteria, is provided in [7]. Table 3 provides a
clear overview of these tools, including their names, descriptions,
scientific references, and URLs.

The selection process described in this section resulted in the
identification of 13 tools that met all of our established criteria.
These tools represent a diverse set of freely accessible, stand-
alone, and fully automated solutions for variant interpretation
based on recognized guidelines.

Overview of the variant interpretation tools

Building on the identification process outlined in the previous
section, we now provide a detailed description of each of the
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(* “variant"[Title/Abstract] OR * “variation"[Title/Abstract]) AND
(* "interpretation"[Title/Abstract] OR ° "classification" [Title/Abstract] OR
" *ACMG"[Title/Abstract] OR ' *ACMG-AMP"[Title/Abstract] OR
* * ACMG/AMP"[Title/Abstract]) AND (* “DNA"[Title/Abstract] OR
* “ genomic"[Title/Abstract] OR * " genomics"[Title/Abstract] OR
* “genome"[Title/Abstract] OR * " genetic"[Title/Abstract]) AND

(* “automating"[Title/ Abstract] OR " " software" [Title/Abstract] OR " "tool"[Title/
Abstract] OR " “platform" [Title/Abstract] OR " " automation" [Title/Abstract] OR
* Tautomate"[Title/Abstract] OR ° “automatic" [Title/Abstract] OR " " semi-
automation"[Title/Abstract] OR " " semiautomated"[Title/Abstract])

Figure 1. Diagram showing the structure of the PubMed search query, divided into four sections: variant-related terms, interpretation-related terms,

genomic domain terms, and automation/tool-related terms.

Table 1. Classification criteria for assessing the relevance of publications identified in the literature review

Category Explanation

Irrelevant The article describes a tool that does not interpret variants using interpretation guidelines. e.g. articles that focus exclusively on Al
methods for predicting variant impact.

Not a tool The article does not describe a concrete tool, e.g. articles reviewing existing tools.

Preprint The article is still in preprint status and has not yet been fully accepted.

Tool The article describes a tool of interest.

Table 2. Filtering criteria for evaluating and selecting variant interpretation tools. These five criteria were used to assess the suitability
and relevance of the initially identified tools for inclusion in the final analysis

Criterion Explanation

Free access
Novelty
Availability
Automation degree
Completeness

The tool allows free access to its main functionalities.

The tool provides a novel interpretation approach rather than using existing ones.

The tool’s web page or code repositories are active and functional.

The tool fully automates the criteria evaluation, without requiring manual input for evidence.
The tool focuses on automating entire interpretation guidelines rather than a single criterion.

Tools from Pubmed
1,543

Selected tools from Pubmed
25

Irrelevant tools
363

Preprint
26

Not a tool
1,129

Duplicated tools
2

Selected tools

Tools from Pubmed and web search 32

Tools fromwebsearch _
9

34

Figure 2. A flowchart summarizing the methodology and results obtained in the variant interpretation tool identification process. This figure details
the number of tools identified and excluded at each step, providing a clear overview of how the final selection was reached.

13 tools that met our selection criteria. This analysis intends
to offer a more in-depth understanding of each tool’s strengths
and potential applications, highlighting their key features and
providing insights to assist clinicians in selecting the most appro-
priate option for their specific needs. Our analysis examines four
key aspects of each tool: variant interpretation methodologies,
input format requirements, technological features that influ-
ence their integration into clinical workflows, and the update
frequency.

Interpretation methodology

First, we explored the variant interpretation methodology defined
by each tool. We focused on five key aspects: the specific
guidelines each tool adheres to and the clinical domains in
which they are applicable, the number of criteria implemented

by each tool, differences in criteria implementation across
interpretation tools, and the different data sources utilized for
variant interpretation.

Guidelines and domain applicability

Six tools (InterVar, Genebe, TAPES, ELLA, Franklin, and VarSome)
automate the ACMG-AMP guidelines, enabling broad applicability
across genetic conditions. Three tools automate the ACMG-AMP
guidelines, but with modifications to adapt to the needs of con-
crete domains. PathoMAN is focused on the unique characteristics
of hereditary cancer genes, CardioClassifier tailors the guidelines
to meet the specific requirements of inherited cardiac conditions,
and VIP-HL is designed for genetic hearing loss following the
ClinGen Hearing Loss Expert Panel’s adaptation of the ACMG-AMP
guidelines.
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Table 3. Overview of the 13 selected variant interpretation tools that meet our criteria

Tool Description URL

PathoMAN Pathogenicity of Mutation Analyzer (PathoMAN) automates the curation of germline  https://pathoman.mskcc.org
genomic variants in clinical cancer genetics following the ACMG-AMP guidelines [8].

VIP-HL The Variant Interpretation Platform for genetic Hearing Loss (VIP-HL) aims to semi-  http://hearing genetics.bgi.com/
automate the Hearing loss ACMG-AMP based variant interpretation guidelines [9].

Cancer SIGVAR Cancer SIGVAR implements the ACGS and ClinGen guidelines for automating the  http://cancersigvar.bgi.com/
clinical interpretation of variants in hereditary cancer-related genes [10].

InterVar Clinical interpretation of genetic variants by the ACMG/AMP 2015 guidelines for all ~ https://wintervar.wglab.org
genes and diseases [11].

CardioClassifier Automated and interactive web tool that supports disease-specific interpretation of ~ http://www.cardioclassifier.org
genetic variants in genes associated with Inherited Cardiac Conditions [12].

Genebe Online platform that streamlines the automated application of ACMG-AMP guide-  https://genebe.net
lines for assessment of pathogenicity of genetic variants [13].

TAPES TAPES is an open-source tool designed to predict pathogenicity of variants in exome  https://github.com/a-xavier/tapes
studies by implementing an automatization of the ACMG-AMP guidelines [14].

VIC Computational Tool for interpreting the clinical impact of somatic variants following  https://github.com/HGLab/VIC/
the AMP-ASCO-CAP 2017 Guidelines [15].

vaRHC R package to automate the variant interpretation process for hereditary cancer  https://github.com/emunte/vaRHC
genes. It uses the ACMG-AMP guidelines and gene-specific guidelines when available
[16].

ClassifyCNV Command-line tool that implements the ACMG-AMP guidelines to evaluate the  https://github.com/Genotek/ClassifyCNV
pathogenicity of germline duplications and deletions [17].

ELLA Tool for clinical interpretation of genetic variants, developed with a particular focus  https://allel.es
on speed, quality, and reproducibility.

Franklin Franklin by Genoox is a community-driven genomic data platform. One of its  https://franklin.genoox.com
purposes is streamlining variant interpretation by automating the evaluation of the
ACMG-AMP guidelines.

VarSome Suite of bioinformatics tools for processing and annotation of NGS data that  https://varsome.com

automates the ACMG/AMP recommendations for all genes and diseases

The remaining four tools implement guidelines other than
ACMG-AMP. ClassifyCNV specializes in CNVs, following the
ACMG-ClinGen guidelines for constitutional CNVs [5]. The other
three tools focus on cancer variant interpretation: CancerSIGVAR
implements the ACGS and ClinGen Sequence Variant Interpreta-
tion guidelines; VIC applies the AMP-ASCO-CAP 2017 guidelines
for somatic variants [4]; and vaRHC uses gene-specific guidelines
for cancer-related genes while applying ACMG-AMP guidelines for
non-cancer genes.

This diversity in guideline adherence and adaptation reflects
the complex nature of variant interpretation across different
genetic conditions, emphasizing the importance of using tools
that are appropriate for specific clinical or research contexts.

Number of criteria implemented

The utility of variant interpretation tools is significantly influ-
enced by the extent of their guideline coverage, as tools that auto-
mate more criteria provide substantially more comprehensive
analysis than those with limited coverage. Our analysis reveals
considerable variation in this aspect across different tools.

As illustrated in Fig. 3, the majority of tools automate over 60%
of their respective guideline criteria. However, automation rates
vary among specialized tools. VIP-HL and VaRHC nearly reach
this threshold, automating just under 60% of the criteria. More
notably, ClassifyCNV and CardioClassifier lag behind, automating
<50% of their respective criteria. In contrast, PathoMAN and VIC,
both specialized in different areas of cancer genomics, have suc-
cessfully automated 71.4% and 70% of their criteria, respectively.

Among tools implementing the ACMG-AMP guidelines, Var-
Some leads with an 82% automation rate. Franklin and TAPES
follow closely at 71.42% each. ELLA, InterVar, and Genebe achieve

4,5

4 4
4
2 2
2
] I |
0

<50% 50%-60% 60%-70% 70%-80% >80%
Percentage of automatized criteria

Number of tools
sl g w
- o o w o

o
3}

Figure 3. Distribution of variant interpretation tools based on the percent-
age of automated criteria relative to the guideline they automate. The x-
axis represents the percentage ranges of automated criteria. The y-axis
shows the number of tools falling within each range.

automation levels below 70%. Notably, some of the higher-
performing tools benefit from commercial backing (VarSome and
Franklin), which may contribute to their enhanced automation
capabilities and resource availability.

As Fig. 4 illustrates, most of the tools that implement the
ACMG/AMP criteria are focused on (i) evaluating a variant’s
frequency in specific populations (BA1 and BS1); (ii) assess-
ing whether predictive tools consider the variant potentially
damaging (PP3 and BP4); and iii) examining specific aspects of
the variant type and its effects on gene or protein regions (PM1,
PM4, and BP3). This consistent implementation suggests these
criteria may be more straightforward to automate.
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Figure 4. Implementation of the 28 ACMG-AMP criteria across each tool. A precise definition of each criterion can be found in [2].

Conversely, other criteria prove more challenging to automate,
as evidenced by their infrequent implementation. For instance,
criteria evaluating evidence from functional studies (PS3 and BS3)
are implemented by only half of the tools analyzed. Even less
common are criteria assessing evidence from affected families
(PP1 and BS4), implemented solely by ELLA and VarSome. The
evaluation of other relevant variants in patient DNA (PM3 and
BP2) is automated exclusively by ELLA. Finally, the assessment of
alternative molecular causes of disease (BP5) is not implemented
by any of the analyzed tools.

Criteria implementation

The selection of an appropriate tool for DNA variant interpre-
tation requires careful consideration not only of the number
of implemented criteria but also of the specific methodologies
employed by each tool in evaluating these criteria. Despite appar-
ent similarities in implemented criteria, differences in interpre-
tation methodologies can lead to divergent interpretation out-
comes. This comparison focuses specifically on tools implement-
ing ACMG-AMP guidelines, as tools using other guidelines are
unique in their respective frameworks, preventing a meaningful
comparison.

A notable example of such divergence is observed in the eval-
uation of the PS3 criterion (PS3 criterion: well-established in vitro
or in vivo functional studies supportive of a damaging effect on
the gene or gene product [2]) by TAPES and PathoMAN. Both
tools utilize ClinVar, a widely recognized repository for variant
interpretation [18]. However, their approaches differ substantially.
On the one hand, TAPES considers the PS3 criterion fulfilled if the
variant is interpreted in ClinVar as either “Pathogenic” or “Drug
Response” and requires that ClinVar provides a confidence rating

of three or four stars. On the other hand, PathoMAN only considers
this criterion fulfilled if the variant is interpreted in ClinVar as
“Pathogenic” but accepts a lower confidence threshold of two or
more stars. Besides, it also includes manually curated literature
evidence to complement the information obtained from ClinVar.

Another illustrative example is the implementation of the PM1
criterion (PM1 criterion: located in a mutational hot spot and/or
critical and well-established functional protein domain (e.g. active
site of an enzyme) without benign variation [2]). One of the
aspects evaluated by this criterion is whether a variant is located
within a mutational hotspot. VarSome and Genebe employ dis-
tinct approaches to this evaluation. VarSome defines a hotspot as
a region containing at least four pathogenic variants within a 50-
nucleotide span, centered on the variant of interest. In contrast,
Genebe considers a broader protein-based context, examining a
range of 15 amino acids surrounding the variant. Notably, Genebe
does not specify a precise threshold for the number of pathogenic
variants required to designate a hotspot.

These examples highlight the critical need for researchers
and clinicians to consider the specific implementation details
of variant interpretation tools. Such understanding is essential
for making informed decisions in tool selection and for accurate
interpretation of the results in the context of genetic variant
analysis.

Data sources

The number of data sources utilized by each variant interpre-
tation tool, as depicted in Fig. 5, varies significantly. A compre-
hensive list of all data sources used by each tool is provided
in [7], detailing the specific databases, repositories, and resources
accessed by each variant interpretation platform. Franklin stands
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Figure 5. Comparison of data sources used by variant interpretation tools. The x-axis lists each tool. The y-axis indicates the number of data sources

used.

out significantly, incorporating 59 data sources, which is nearly
three times more than the next highest tools. VarSome and TAPES
follow with 22 and 21 data sources, respectively, also providing a
robust foundation for interpretation.

The majority of tools (61.5%) consider between 10 and 13 data
sources for interpretation, including CardioClassififer, VIC, vaRHC,
InterVar, and Cancer SIGVAR. This range appears to be a common
benchmark in the field, possibly representing a balance between
comprehensive coverage and computational efficiency. At the
lower end of the spectrum, tools such as ClassifyCNV, VIP-HL, and
ELLA utilize only seven data sources each, while Genebe considers
just five.

The inclusion of multiple, varied genomic databases allows
for a more holistic view of each variant, potentially uncovering
specificinformation critical for accurate interpretation. Tools that
use a greater number of reputable data sources may be better
equipped to provide more context-rich and reliable variant inter-
pretations across a wider range of clinical scenarios.

However, when choosing a tool, it is important to consider
not only the number of data sources but also the specific
ones used for performing the interpretation, as this may lead
to differences in assessments between tools. An illustrative
example of this occurs with the PM1 criterion of the ACMG/AMP
guidelines (see footnote3). One of the aspects evaluated by this
criterion is whether a variant is located within a functionally
relevant protein domain. InterVar and VarSome employ different
strategies for this evaluation. InterVar automates the criterion by
determining if the variant resides within a functional domain as
described in InterPro, a specialized database for protein domains.
VarSome, on the other hand, uses UniProt, an alternative but
equally pertinent database in the field of protein domains.
The use of distinct data sources by these tools may result
in varying PM1 criterion evaluations for identical variants,
further reflecting the potential for tool-dependent outcome
variability.

In this context, the transcript data source chosen by a tool is
especially relevant. The reason is that the transcript data source
selected can change a variant’s predicted impact, potentially
influencing clinical decisions [19]. Given this, ensuring that the
variant interpretation tool matches the transcripts used to anno-
tate the input data is critical.

There are two predominant transcript data sources: Ensembl
transcripts and RefSeq. RefSeq, maintained by NCBI, focuses on
manually curated, nonredundant sequences, prioritizing accu-
racy [20]. Ensembl, developed by EBI and Wellcome Trust Sanger
Institute, aims for comprehensiveness with more automated
annotation, including a broader range of transcript variants and
species [21].

Our analysis reveals diversity in using transcript data sources
across the evaluated tools. Five tools—ClassifyCNV, VIP-HL, Inter-
Var, Cancer SIGVAR, and ELLA—exclusively use RefSeq, prioritiz-
ing its manually curated, nonredundant sequences. In contrast,
only two tools, CardioClassifier and PathoMAN, rely solely on
Ensembl, leveraging its comprehensive, automated annotation
approach.

A significant number of tools offer more flexibility in their
approach. vaRHC, TAPES, VIC, Franklin, and VarSome provide the
option to use both RefSeq and Ensembl data sources, enabling a
more versatile, multidisciplinary approach to variant interpreta-
tion. This dual-source strategy allows users to cross-reference and
compare annotations from both databases, potentially leading to
more robust interpretations. Notably, Genebe stands out by exclu-
sively utilizing MANE (Matched Annotation from NCBI and EMBL-
EBI), a new collaborative initiative between RefSeq and Ensembl.
MANE aims to create a unified, high-confidence transcript set,
potentially offering the best of both worlds in terms of curation
and comprehensiveness.

The prevalence of tools offering multiple database options
or adopting unified approaches such as MANE indicates a shift
toward a more flexible stance in transcript selection, providing
more flexibility to the users.

Type of input

This section focuses on the type of input accepted by each
variant interpretation tool. First, we evaluated the genomic
reference assembly versions supported by each tool (e.g. GRCh37
or GRCh38). Regarding the reference assembly, four of the tools
support exclusively GRCh37, lacking compatibility with the more
recent GRCh38 genomic reference sequence (i.e. PathoMAN,
VIP-HL, Cancer SIGVAR, CardioClassifier). In contrast, eight tools
offer support for both GRCh37 and GRCh38, providing greater
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Table 4. Technological characteristics of Variant interpretation tools. This table summarizes the technological aspects of the 13
evaluated tools that are relevant for accessibility, maintainability, and integration

Tool Programming language Web interface Last update
PathoMAN Not specified Yes 2019
VIP-HL HTMLS, JavaScript (VUE), Java and Python 3 Yes 2021
Cancer SIGVAR Not specified Yes 2021
InterVar Python Yes 2022
CardioClassifier Perl and PHP Yes 2017
Genebe Python Yes 2024
TAPES Python No 2023
VIC Java No 2021
vaRHC R No 2024
ClassifyCNV Python No 2021
ELLA Python, JavaScript No 2024
Franklin Not specified Yes 2024
VarSome HTMLS, JavaScript (React), Python 3 (Django) and C++ Yes 2024

flexibility for users working with different genomic assemblies
(i.e. InterVar, TAPES, VIC, vaRHC, ClassifyCNV, Franklin, Genebe,
and VarSome).

Second, we focused on whether the tools were able to process
single variants described with their chromosomal position at their
accepted assemblies or with transcript-level positions. Most tools
support single variant input at the chromosome level, with seven
tools (VIP-HL, Cancer SIGVAR, CardioClassifier, Genebe, vaRHC,
Franklin, and Varsome) also accepting transcript locations.

However, three tools (TAPES, VIC, and ELLA) do not accept single
variant search, only accepting Variant Call Format (VCF) files with
multiple variants from a single patient. Six other tools, besides the
single variant interpretation, can also handle multiple variants
via VCF files: Cancer SIGVAR, InterVar, CardioClassifier, vaRHC,
Franklin, and VarSome. However, notable distinctions exist. TAPES
and ELLA require VCF files in the VEP annotation tool format,
while Franklin and VarSome’s VCF processing is limited to their
premium versions. This variability in input format support high-
lights the differing levels of flexibility and availability across the
tools.

These findings show the importance of considering input com-
patibility when selecting a variant interpretation tool for specific
clinical or research applications. Indeed, the requirements differ
significantly between interpreting a single variant and performing
a complete genomic analysis of a patient. The genomic assembly
in which the variants are described and the tool’s accepted input
are of utmost importance in selecting the most appropriate tool
for a given task.

Technological features

The technological basis of variant interpretation tools is critical
for their functionality, usability,and maintainability. These factors
influence the performance of the tools and their ease of integra-
tion into existing workflows. We looked at two key technological
aspects: the existence of a web interface and the programming
language used. Each of these factors is important for different
reasons: the existence of a web interface greatly impacts acces-
sibility and ease of use; the programming language affects the
future extensibility of the tool and community support; and the
frequency of knowledge updates indicates how rapidly new sci-
entific findings are integrated into the tool. Table 4 summarizes
these characteristics for each of the 13 tools included in our study.

Eight out of 13 evaluated tools (61.5%) offer a web interface,
including PathoMAN, VIP-HL, Cancer SIGVAR, InterVar, Cardio-
Classifier, Genebe, Franklin, and VarSome. This feature signifi-
cantly facilitates their adoption in clinical settings, as it allows
for easy access and use without the need for local installation or
advanced technical knowledge.

Conversely, the remaining tools (TAPES, VIC, vaRHC, Classify-
CNV, and ELLA) do not provide a web interface, instead requiring
local installation and often utilizing command-line interfaces.
This approach may present a significant barrier to adoption, par-
ticularly for clinical experts who may lack the technical expertise
to install and operate such tools effectively.

Another relevant aspect, particularly for tools lacking a user-
friendly web interface and requiring local installation, is the
underlying programming language used in their development.
The choice of programming language directly impacts a tool’s
compatibility with existing bioinformatics workflows, ease of
local deployment, and long-term maintainability for technical
users. Python, for instance, has emerged as a predominant
language in bioinformatics, serving as the foundation for
several tools in our analysis, including InterVar, Genebe, TAPES,
ClassifyCNV, and ELLA. This is not merely a trend but a
practical choice for pipeline developers and bioinformaticians,
owing to its extensive libraries, relative ease of use, and strong
community support, which collectively facilitate integration
into diverse computational environments and enable custom
modifications. However, some tools employ a multi-language
process, such as VIP-HL and VarSome. While this approach
may offer greater flexibility during initial development, it can
introduce increased complexity in setup, maintenance, and
the required technical expertise for integration into a specific
laboratory’s infrastructure.

Focusing on the tools that do not offer a web interface, we
find a notable pattern. Three of these tools (TAPES, ClassifyCNV,
and ELLA) use Python as their main programming language.
This choice may benefit their adoption by institutions looking
to install tools locally, as Python’s popularity in bioinformatics
means that many organizations already have the necessary
expertise and infrastructure in place. The remaining two tools
(VIC, vaRHC) use R and Java, respectively. While these languages
are also widely used in scientific computing, they may present
additional barriers to adoption compared with Python-based
tools, depending on the specific expertise available within an
organization.
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Update frequency

Update frequency, defined here as the release of a new version as
specified on the tool's webpage or the last update on its GitHub
repository, should also be considered when selecting a tool, as it
can impact its accuracy and relevance. A tool that is regularly
updated is more likely to incorporate the latest research and
data, leading to more accurate and relevant results. Our analy-
sis revealed considerable variation in the frequency of updates
among the tools.

The most recently updated tools were Genebe, vaRHC, ELLA,
Franklin, and VarSome, all updated in 2024. This shows that these
tools are actively committed to maintenance and continuous
improvement, which is crucial in a field where knowledge evolves
rapidly. In contrast, CardioClassifier was last updated in 2017,
standing as the least recently updated tool. This raises concerns
about the currency of its genomic knowledge and the reliability of
its results.

Case study

To assess the performance of the variant interpretation tools, we
conducted a comparative analysis against a reference standard.
The choice of this standard was critical, as it directly impacted the
validity and clinical relevance of the case study. For benchmarking
purposes, we required a reference standard with the highest level
of curation quality, ensuring every single interpretation has been
manually curated by experts through a comprehensive review
process.

While several interpretation data sources exist, many function
as public repositories that aggregate variant interpretations from
diverse sources, including both expert annotations and laboratory
submissions, without manually validating their accuracy or reli-
ability. These repositories often contain data of variable quality,
which can lead to conflicts and inconsistencies that compromise
their utility as a reference standard for tool evaluation. ClinVar,
despite standing out as one of the most widely utilized and
valuable resources in clinical practice, exemplifies this challenge.
Despite being one of the most widely used and valuable resources
in clinical practice [18], its comprehensive aggregation nature
presents methodological limitations for tool evaluation.

This led us to select the ClinGen resource as our reference
standard, as it stores interpretations performed exclusively by
Expert Panels. These panels comprise multidisciplinary special-
ists who perform comprehensive literature reviews, functional
studies analysis, and rigorous consensus-building processes that
often require months of deliberation per variant. Moreover, these
expert panels contribute their curated interpretations to ClinVar
as the highest confidence submissions available in the repository.

From this resource, we selected 256 variants associated with
one of the following clinical domains: Cardiomyopathy (87
variants), Hereditary Breast, Ovarian, and Pancreatic Cancer (71
variants), and Monogenic Diabetes (98 variants). In this dataset,
we aimed to achieve a balanced representation across interpreta-
tion categories, targeting ~20 variants for each interpretation
(pathogenic, likely pathogenic, uncertain significance, likely
benign, and benign), subject to availability.

Then, we focused on tool selection with the goal of identifying
versatile solutions that could serve as standard resources across
different clinical settings. To achieve this, we defined a set of
selection criteria in consultation with clinical genetics experts. We
prioritized tools that (i) support both GRCh38 and GRCh37 refer-
ence genome assemblies; (ii) provide a user-friendly web interface;

and (iii) are designed for broad clinical application rather than
disease- or gene-specific use.

First, the requirement for supporting both assemblies directly
reflects the current landscape in clinical laboratories. Despite
GRCh38’s release in 2013, many laboratories continue to align
their next-generation sequencing data to GRCh37. This persis-
tence with the older assembly is driven by practical considera-
tions, including significant migration costs, insufficient staff, and
often, a lack of perceived benefits outweighing these burdens
[22]. Compounding this, even when laboratories attempt to bridge
assemblies, tools for lifting over coordinates may struggle with
complex variants such as insertions and deletions (indels), vari-
ants in repetitive regions, or those within assembly gaps [23-25].
Therefore, tools offering support for both assemblies are more
likely to accommodate current laboratory practices and have
greater potential for widespread adoption. Second, the emphasis
on web interfaces was driven by expert feedback, which high-
lighted that accessibility and ease of use are important factors
for routine clinical adoption. Thus, web-based tools reduce imple-
mentation barriers and facilitate analysis in clinical practice.
Finally, the focus on broad-spectrum tools rather than specialized
solutions reflects the need for versatile platforms that can serve
diverse use cases without requiring multiple tool implementa-
tions for different disease contexts.

Based on these criteria, four tools emerged as suitable candi-
dates for our analysis: Franklin, Varsome, InterVar, and GeneBe
(see Table 3 for a comprehensive overview of these tools).

We tested these tools with the 256 variants from ClinGen
using their respective web interfaces. Our initial observa-
tion revealed that not all tools were capable of process-
ing every selected variant, with each tool demonstrating
different limitations. Franklin and GeneBe showed similar
constraints; both tools are unable to process five variants.
These problematic variants were all imprecise large vari-
ants (e.g. “NC_000011.9:g.(?_108137888)_(108225611_?)dup,” or
“NC_000011.10:g.(?_108287594)_(108287721_?)del”) or were located
in complex repetitive regions. Franklin faced an additional
challenge with one variant for which only the chromosomal
position and not the transcript position were available. VarSome
demonstrated slightly better coverage, failing to process only two
variants. Notably, these were the same imprecise large variants
that posed challenges for Franklin and GeneBe, suggesting a
common difficulty across multiple tools for addressing this
type of variant. InterVar, however, exhibited the most significant
limitations among the tools examined. It was unable to process 51
variants, a substantially higher number compared with the other
tools. This limitation stems from the online version of InterVar
being restricted to exonic variants that are not indels, which
considerably narrows its applicability in variant interpretation.

To assess the performance of the variant interpretation
tools, we first conducted a preliminary evaluation. In this
initial assessment, we used a general accuracy metric based on
exact matches between tool-provided interpretations and the
corresponding ClinGen interpretations for all 256 variants. As
Table 5 reflects, this metric revealed suboptimal performance
across all tools, with Franklin achieving the highest accuracy at
58.4%.

Given these results, we implemented a more lenient approach,
grouping the categories “benign” and ‘“likely benign,” as well
as “pathogenic” and “likely pathogenic,” as equivalent. The
results following this correction (see Corrected Accuracy column)
showed substantial improvement across all tools. Notably,
GeneBe demonstrated the highest corrected accuracy at 82.07%,
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Table 5. Performance metrics of variant interpretation tools in
comparison with ClinGen Expert Panel interpretations. The
“Accuracy” column shows the percentage of exact matches
between tool interpretations and ClinGen interpretations. The
“Corrected accuracy” column displays improved percentages
after grouping “benign” with “likely benign” and “pathogenic”
with “likely pathogenic” as equivalent interpretations

Tool Accuracy (%) Corrected accuracy (%)
Franklin 58.4 78.4
VarSome 51.97 81.89
InterVar 36.58 59.31
GeneBe 50.99 82.07

Table 6. Corrected accuracy of variant interpretation tools
across different genetic contexts as defined by ClinGen Expert
Panels (i.e. cardiomyopathy, hereditary cancer, and monogenic
diabetes)

Tool Cardiomy- Hereditary Monogenic
opathy cancer diabetes
(%) (%) (%)
Franklin 80.23 92.65 66.67
VarSome 80.46 82.61 82.65
InterVar 70.88 69.77 42.68
GeneBe 82.55 82.35 81.44

indicating substantial alignment with ClinGen interpretations
under these modified criteria.

To determine whether the observed differences in accuracy
between the tools were statistically significant, we performed
McNemar'’s test for each pair of tools, resulting in six comparisons.
Given the multiple comparisons, we applied the Bonferroni cor-
rection to adjust our significance level from 0.05 to 0.00833 (0.05
divided by 6) to mitigate the risk of Type I errors.

This statistical analysis revealed that, despite apparent numer-
ical differences in accuracy, most were not statistically significant.
Specifically, the difference between GeneBe (the most accurate
tool) and Varsome (the second most accurate tool) was not sig-
nificant, with a P-value of 1.0. Similarly, the comparison between
Franklin (the third most accurate tool) and Varsome resulted in a
P-value 0f 0.243, and between Franklin and GeneBe, with a P-value
of 0.222, indicating no significant differences despite the accuracy
differences.

Significant differences were observed only when comparing
InterVar (the least accurate tool) with the other tools, showing
statistically significant differences with Franklin (P = 2.93 x 107°),
Varsome (P = 7.39 x 1077), and GeneBe (P = 2.77 x 1077). This
indicates that only Intervar’s performance differs significantly
from the others.

On the other hand, Table 6 presents the corrected accuracy of
each variant interpretation tool across the three expert panels
included in this study. Interestingly, the performance of the tools
varies across different genetic contexts.

VarSome and GeneBe exhibit consistent and comparable per-
formance across all panels, with accuracy ranging from 80.46% to
82.65%. This uniformity indicates broad applicability across the
studied contexts, establishing both tools as versatile options for
variant interpretation across multiple genetic diseases.

Franklin performs similarly to VarSome and GeneBe in the
Cardiomyopathy domain. However, it significantly outperforms
these tools in Hereditary Cancer, achieving a remarkable accuracy
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Table 7. Corrected performance of variant interpretation tools
across different interpretation categories. The percentages
indicate the corrected accuracy for each tool within the “Benign”
and “Pathogenic” categories, and concordance for “Uncertain
Significance” variants

Tool Benign (%) Uncertain Pathogenic (%)
significance (%)

Franklin 72.28 48.33 100

Varsome 97.62 30.00 98.18

InterVar 61.11 59.57 57.65

GeneBe 100 25.00 100

of 92.65%. This suggests a strong alignment with ClinGen’s inter-
pretations in this specific domain. Such exceptional performance
indicates that Franklin may be particularly well suited for inter-
preting variants associated with hereditary cancer syndromes.
Conversely, Franklin underperforms in the Monogenic Diabetes
domain, with an accuracy of 66.67%, notably lower than VarSome
and GeneBe.

InterVar consistently performed poorly compared with the
other tools across all domains. This is particularly evident in the
Monogenic Diabetes category, where its accuracy drops to 42.68%,
highlighting significant challenges in interpreting variants in this
specific context.

These findings reflect the importance of selecting the appro-
priate variant interpretation tool based on the specific disease
context, as no single tool uniformly outperforms the others across
all categories.

To perform a more nuanced analysis, we evaluated each vari-
ant interpretation tool’s performance across three main cate-
gories: Benign, Uncertain Significance, and Pathogenic (Table 7).
Consistent with our previous analysis, we considered “benign” and
“likely benign,” as well as “pathogenic” and “likely pathogenic,” as
equivalent interpretations.

In this performance assessment, for pathogenic and benign
variants, we report accuracy using ClinGen Expert Panels as our
reference standard. ClinGen interpretations are supported by suf-
ficient evidence to establish clinical actionability and represent
definitive interpretations based on current scientific knowledge.

However, for variants of uncertain significance (VUS), we
decided to use the term concordance rather than accuracy. This
decision aims to acknowledge that these variants lack sufficient
evidence for definitive interpretation, representing a deliberate
state of uncertainty. Therefore, instead of measuring a tool’s
“correctness,” our concordance metric measures how well the
tools maintain the inherent uncertainty reported by ClinGen.
This concordance is relevant because correctly maintaining VUS
interpretations prevents premature clinical actions based on
insufficient evidence, aligning with the principle of “do no harm”
in medical practice. Furthermore, analyzing tool behavior with
VUS provides valuable insights into interpretation tendencies
and potential biases that may impact clinical decision-making,
even without a definitive reference truth for these variants.

Most of the variant interpretation tools exhibited strong per-
formance in interpreting pathogenic variants, with Franklin and
GeneBe achieving 100% accuracy and Varsome closely following
at 98.18%. Their effectiveness extended to benign variant interpre-
tation, where all but one tool surpassed 70% accuracy. InterVar,
however, underperformed in both categories, with accuracies of
57.65% for pathogenic and 40.28% for benign variants.

On the contrary, all tools struggled with VUS, indicating a
common challenge in interpreting ambiguous cases. Interestingly,
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Table 8. Distribution of interpretations assigned by variant
interpretation tools to variants considered of uncertain
significance by ClinGen Expert Panels

Tool Benign (%) Pathogenic (%) Uncertain
significance (%)

Franklin 1.67 50.00 48.33

Varsome 13.33 56.67 30.00

InterVar 6.38 34.04 59.57

GeneBe 20 55.00 25.00

InterVar showed the highest concordance for VUS at 59.57%,
significantly outperforming its peers despite lower accuracy in
other categories. This pattern suggests InterVar's tendency to
interpret variants as uncertain, highlighting a potential bias in its
algorithm.

The remaining tools demonstrated concordance rates below
50% for interpreting VUS. Due to this low concordance, we decided
to investigate further how the interpretation tools interpret vari-
ants that ClinGen Expert panels consider to be of uncertain sig-
nificance. Table 8 illustrates how each tool interprets the variants
deemed uncertain by ClinGen.

Our analysis reveals that, except for InterVar, all tools
show a tendency to interpret VUS as either pathogenic or
likely pathogenic, which could lead to an increased rate of
false positives. This trend highlights the need for cautious
interpretation of the results generated by these tools to prevent
unwarranted clinical interventions or treatments based on
inaccurate interpretation.

Our findings underscore the importance of critical evalua-
tion and expert validation of automated variant interpretations,
particularly for those falling within the “uncertain significance”
category. It also emphasizes the ongoing challenges in accurate
variant interpretation and the need for continued refinement of
computational prediction methods.

Discussion

Variant interpretation remains a complex, time-consuming pro-
cess characterized by expert disagreement. Although automated
interpretation tools have emerged as potential solutions for vari-
ant interpretation, our systematic identification and analysis of
13 freely accessible tools have revealed significant heterogeneity.
This diversity spans multiple dimensions: scope of application,
degree of automation, implementation strategies, data sources
used, and the number of automated interpretation criteria.

The performance assessment of four broad-spectrum variant
interpretation tools applied to 256 genetic variants, using Clin-
Gen Expert Panels’ evaluations as the benchmark, has revealed
multiple insights that hold significant consequences for clinical
application. While Franklin, VarSome, and GeneBe consistently
demonstrated high accuracy (greater than 75%), InterVar showed
significantly lower performance across all disease contexts (<70%
in all cases).

Despite the general high accuracy of Franklin, VarSome,
and GeneBe, it is important to note that we observed that
tool performance is strongly context-dependent. For instance,
GeneBe demonstrated higher accuracy for cardiomyopathy-
associated variants, while Franklin and VarSome excelled in
interpreting hereditary cancer and monogenic diabetes variants.
These findings highlight the importance of tailoring tool selection
to specific clinical contexts, whether using specialized tools or

choosing the most suitable broad-application solution based on
their demonstrated performance in specific disease domains, if
such validation data are available.

Our analysis reveals two patterns that have different clinical
implications. On the one hand, most tools (Franklin, VarSome, and
GeneBe) demonstrate high overall accuracy with unambiguous
cases, but they exhibit a systematic bias toward overclassifying
VUS as pathogenic, with these tools interpreting >50% of VUS
this way. On the other hand, InterVar shows the opposite pat-
tern: while it has a more appropriate conservative behavior for
VUS interpretation, it significantly underperforms in interpreting
clearly pathogenic and benign variants.

These findings suggest that different tools present distinct
types of clinical risks: high-performing tools risk overtreatment
through VUS overclassification, while InterVar risks underdiagno-
sis through excessive conservatism in clear cases. Both patterns
require expert oversight and highlight a fundamental challenge in
automated variant interpretation, namely, achieving an optimal
balance between sensitivity and specificity while maintaining
clinical utility.

Our findings regarding VUS interpretation warrant additional
methodological and clinical considerations. First, evaluating
automated tools against VUS interpretation presents inherent
limitations regardless of the reference standard chosen. Even
expert panels like ClinGen explicitly acknowledge uncertainty
in these interpretations, making any performance assessment
fundamentally different from evaluating definitive pathogenic
or benign variants. The observed low concordance rates should
therefore be interpreted as classification tendencies, providing
insights into tool behavior patterns that may influence clinical
decision-making.

From a clinical perspective, maintaining the uncertainty
inherent in VUS interpretation is crucial for appropriate patient
care. The systematic tendency of most tools to interpret VUS
as pathogenic or likely pathogenic (>50% in our analysis)
represents a significant clinical concern, as it may lead to
unnecessary interventions, psychological burden, and healthcare
costs. Conversely, tools that maintain VUS interpretations,
while potentially appearing less “decisive,” actually preserve the
appropriate clinical uncertainty that prevents premature medical
actions based on insufficient evidence.

These findings highlight a fundamental challenge in auto-
mated variant interpretation: the need for balancing definitive
answers with the current situation of insufficient evidence for
some variants. Future tool development should prioritize main-
taining appropriate uncertainty levels for ambiguous variants,
rather than optimizing for apparent decisiveness that may, in fact,
compromise clinical care.

In conclusion, our study represents an important step toward
characterizing the landscape of variant interpretation tools. How-
ever, several limitations and future directions warrant discus-
sion. While our findings provide valuable insights into current
automated variant interpretation tools, a thorough evaluation of
this rapidly evolving field presents ongoing methodological chal-
lenges. For instance, our selection criterion requiring web inter-
faces may have inadvertently excluded high-quality command-
line tools. Although this criterion was established through meet-
ings with clinical genetics experts who emphasized accessibility
concerns, clinical genomics workflows inherently require sub-
stantial bioinformatics expertise for data processing, making the
distinction between web-based and command-line tools less crit-
ical than initially considered. Future evaluations must address
this limitation by including both modalities to provide a complete
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assessment of available tools regardless of their implementation
format.

Building on these methodological considerations, a com-
prehensive analysis comparing general-purpose tools against
domain-specific solutions remains necessary. Furthermore, given
the rapid evolution of both available tools and existing ones,
regular benchmarking against expert-curated datasets will be
crucial for tracking improvements and identifying areas that need
development.

Ultimately, significant progress has been made in automation,
but the limitations of current tools require continued expert
oversight. Looking ahead, the key challenge lies in striking an opti-
mal balance between automation benefits and human expertise
to fully realize precision medicine’s potential in genomics. This
will require close collaboration between tool developers, clini-
cal experts, and researchers to ensure that automated systems
effectively complement, rather than replace, human expertise in
variant interpretation.

Key Points

e There is a diverse array of automated tools for the
interpretation of genomic variants, ranging from broad-
spectrum applications to highly specialized solutions.

e Most of the broad-spectrum tools analyzed achieve at
least 80% accuracy for clearly pathogenic/benign vari-
ants but between 25% and 60% concordance rates for
VUS.

e There is a widespread tendency to overclassify VUS as
pathogenic (>50% in most cases).

e Despite advancements in automation, current limita-
tions underscore the need for a hybrid approach where
automated tools are used for an initial screening, but
manual expert review is required for VUS and more
complex cases.

e Further research is required to enhance VUS interpre-
tation accuracy and standardize interpretation method-
ologies across different tools.
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