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Abstract

The increasing adoption of Next-Generation Sequencing (NGS) technologies has
led to a massive increase in the number of detected genetic variants, making their
correct interpretation a central challenge in modern genomics. In this context,
validation of variant nomenclature plays a key role in ensuring consistent and
unambiguous representation of genetic variants across different reference systems
and nomenclatures.

However, existing validation tools present several limitations, such as reliance
on external services, incomplete support for different variant representations, and
ambiguity in the handling of heterogeneous inputs. These issues can negatively
impact uniformity and complicate integration within automated analysis pipelines.

The work presented in this thesis addresses these challenges by investigating
existing variant validation tools and developing an improved validation framework
designed to operate locally, handle multiple input formats, and reduce ambiguity in
variant representation. The work includes a comparative analysis of state-of-the-
art tools, the extension of a selected variant nomenclature validation framework
to overcome identified limitations, and a systematic evaluation of the proposed
improvements using two different benchmark datasets.

The resulting approach could also be integrated into a real-world application for
genomic variant interpretation, where it could be used to validate and normalize
user inputs. The proposed framework improves the completeness and consistency
of variant representations while maintaining agreement with well-established state-
of-the-art tools. This work, carried out in collaboration with enGenome srl (a
spin-off of the University of Pavia), contributes to the development of more reliable
and robust variant validation strategies, supporting their use in both research and

applied genomic contexts.
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Prefazione

La crescente diffusione delle tecnologie di Next-Generation Sequencing (NGS) ha
portato a un aumento significativo del numero di varianti genetiche identificate,
rendendo la loro corretta interpretazione una sfida centrale nella genomica mod-
erna. In questo contesto, la validazione delle varianti svolge un ruolo fondamentale
nel garantire una rappresentazione coerente e univoca delle varianti tra diversi sis-
temi di riferimento e nomenclature.

Tuttavia, gli strumenti di validazione attualmente disponibili presentano di-
verse limitazioni, tra cui la dipendenza da servizi esterni, supporto incompleto per
le diverse rappresentazioni delle varianti e ambiguita nella gestione di input etero-
genei. Questi aspetti possono compromettere 'uniformita dei risultati e complicare
I'integrazione all’interno di pipeline di analisi automatizzate.

Il lavoro presentato in questa tesi affronta tali problematiche attraverso I’analisi
degli strumenti di validazione esistenti e lo sviluppo di un framework migliorato,
progettato per operare localmente, gestire molteplici formati di input e ridurre
le ambiguita nella rappresentazione delle varianti. Il lavoro comprende un’analisi
comparativa degli strumenti allo stato dell’arte, ’estensione di un framework di
validazione selezionato per superarne le limitazioni individuate e una valutazione
sistematica dei miglioramenti proposti utilizzando due distinti dataset di bench-
mark.

L’approccio risultante puo inoltre essere integrato in un’applicazione reale per
I'interpretazione di varianti genomiche, dove potrebbe essere utilizzato per validare
e normalizzare gli input forniti dagli utenti. Il framework proposto migliora la
completezza e la coerenza delle rappresentazioni delle varianti, mantenendo al
contempo un’elevata concordanza con gli strumenti di riferimento pit consolidati.

Questo lavoro, svolto in collaborazione con enGenome srl (spin-off dell’Universita

v



Prefazione

di Pavia), contribuisce allo sviluppo di strategie di validazione delle varianti pit
affidabili e robuste, favorendone I'impiego sia in ambito di ricerca che in contesti

applicativi della genomica.
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Chapter 1

Introduction

1.1 DNA mutations

A genetic mutation is an alteration in the DNA sequence relative to a specific
region of a genome. It arises from replication errors, principally during cellular
division, when genetic material is replicated and transmitted to daughter cells, and
may affect genes or chromosomes. Mutations may be caused also by spontaneous
chemical changes or induced by chemical or physical genotoxic agents. Since DNA
encodes molecular instructions that govern cellular structure and function, such
alterations can influence biological processes at multiple levels.

Although genetic mutations can contribute to the development of pathologi-
cal conditions, such as cancer, a significant number is thought to be unharmful,
that is, it does not affect the individual. A genetic mutation may even be benefi-
cial and consequently tend to spread rapidly through a specific population, while

deleterious changes tend to die along with the organism that hosts them [1].
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Figure 1.1: DNA replication error leading to mutation. The process of
DNA replication may lead to an incorrect nucleotide incorporation event. While
one daughter strand represents the correct copy of the original sequence, the other
contains a mismatched base, generating a mutant copy. If not repaired by cellular
mechanisms, such replication errors can become permanent mutations in subse-
quent cell divisions. Source: [1].

In the context of human genetics, the terms mutation and variant are often
used interchangeably to indicate a DNA sequence change relative to a reference
genome. However, the term variant is generally preferred in modern genomics, as
it does not imply any assumption about pathogenicity.

At the population level, every human genome carries a significant number of
DNA changes, and their distribution and effects vary widely across individuals [2].
This population-dependent variability is illustrated in Figure 1.2, which summa-
rizes the distribution and sharing of genetic variants across global populations.

While the vast majority of these variants are neutral or have minimal functional
impact, a small fraction may alter gene function in a biologically significant man-
ner. When such deleterious variants affect a single gene and are sufficient to cause
a pathological phenotype, they give rise to monogenic, or Mendelian, diseases [3].

Even though each condition is typically rare when considered separately, mono-
genic disorders collectively affect a large number of individuals worldwide with an
estimated prevalence of 7% to 8% in the United States [4]. Furthermore, mono-
genic diseases are often associated with severe clinical phenotypes that have high
morbidity and mortality rates [4].

Examples of monogenic disorders with their approximate occurrence rates are
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shown in Table 1.1, highlighting the strong variability between diseases and pop-

ulations.

Table 1.1: Selected examples of monogenic diseases and approximate occurrence
rates. Adapted from [5].

Condition Approximate occurrence rate
Achondroplasia 1 in 15,000 to 40,000 live births worldwide
Beta-thalassemia Most prevalent in populations from the

Mediterranean, North Africa, the Middle East,
South and Central Asia, and Southeast Asia
(730 per 100,000 newborns)

Cystic fibrosis 1 in 2,500-3,500 White Americans; 1 in 17,000
African Americans; 1 in 31,000 Asian Ameri-
cans

Fragile X syndrome 1 in 4,000 males; 1 in 8,000 females

Huntington disease 3-7 per 100,000 individuals of European de-

scent; less common in Japanese, Chinese, and
African descent

Sickle cell disease >100,000 individuals in the US; "1 in 365 new-
born African Americans; 1 in 16,300 Hispanic
Americans

Hemophilia Predominantly affects males; hemophilia A: 1

in 5,617 male births; hemophilia B: 1 in 19,283
male births

A fundamental prerequisite for reliable interpretation is the correct and un-
ambiguous representation of variants, which makes variant validation a critical

step.

1.2 NGS and Nomenclatures

The increasing recognition of genetic mutations as major contributors to human
disease has been closely linked to the development of technologies capable of de-
tecting sequence variation at large scale. Before the advent of Next-Generation
Sequencing (NGS), the study of Mendelian disorders and other inherited traits
primarily relied on approaches such as linkage analysis, which aimed to identify

chromosomal regions co-segregating with disease within affected families. Genetic

3
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Figure 1.2: Global distribution of human genetic variation across popu-
lations. The figure summarizes the number and sharing of polymorphic variants
identified in different populations, highlighting both population-specific and glob-
ally shared genetic variation. Source: [2].

investigations were therefore largely restricted to targeted analyses of candidate
genes or broad genomic loci, limiting both resolution and the ability to compre-
hensively explore genetic variation across individuals and populations [6].

The advent of Next-Generation Sequencing (NGS) technologies has brought to
a significantly large increase of explained genetic causes in both rare disease and
common but heterogeneous disorders [7]. By enabling the parallel sequencing of
millions of DNA fragments, NGS can be applied to analyze large portions of the
genome, including whole genomes, exomes, and targeted gene panels. As a result,
NGS has become the standard approach for identifying genetic variants in both
research and diagnostic [8].

These developments have been profoundly useful in order to minimize the “di-
agnostic odissey” [9] for patients as whole-genome analysis can be performed in a
few days at reasonable costs compared to gene-by-gene analysis based on previous
sequencing approaches [10].

Each NGS sequencing experiment typically identifies thousands to millions
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variants. Even though NGS has led to an unprecedented increase in the volume
and diversity of detected genetic variants, the abundance of data generated has
shifted the main challenge from variant detection to variant interpretation [11].
In this context, the use of standardized nomenclature systems to refer to vari-
ants has become essential [12]. Consistent and unambiguous variant descriptions
are required to ensure clear communication among researchers, clinicians, as well
as to enable reliable comparison across studies, databases and technologies. Dif-
ferent nomenclature standards have been developed to describe genetic variants at
the genomic, transcript and protein levels, thus providing a common language for

their representation.

1.3 Motivation and Objectives

While variant detection has become increasingly efficient thanks to NGS tech-
nologies, the accurate interpretation and representation of genetic variants remain
major challenges. The biological relevance of a sequence alteration depends on its
genomic context, its effects at the transcript and protein levels, and the reference
systems used to describe it.

Variant validation refers to the computational and methodological process of
verifying that a reported genetic variant is syntactically correct, biologically consis-
tent, and unambiguously interpretable with respect to a defined reference system.

Variant validation is therefore a critical step in genomic analysis workflows, as it
links raw sequence differences to biologically and clinically meaningful information.
However, heterogeneity in reference genomes, transcript models and nomenclature
conventions can lead to inconsistencies across validation tools and datasets, thus
complicating result comparison and data integration.

The objective of this work is to define and evaluate an independent, efficient
and flexible variant validation framework capable of processing heterogeneous in-
put representations, ranging from general genomic descriptions to highly specific
transcript and protein level validations. The proposed Variant Validator is de-
signed to operate independently of external web services, ensuring reproducibility,
transparency and fast execution.

The presentation of the work is divided into the following chapters:
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Chapter 2 introduces the biological and methodological background required
to contextualize genetic variant validation, focusing on the nomenclature of

genetic variants, including reference systems and the HGVS nomenclature;

Chapter 3 describes the methods and implementation details of the proposed
variant validation framework. It outlines the software environment, the Vari-
ant Validator workflows, resource preprocessing steps, and the integration of
rsID-based validation strategies, as well as methodological improvements in-

troduced to address identified limitations;

Chapter 4 presents the validation and the benchmarking strategy adopted
to assess the performance of the Variant Validator framework. It introduces
the reference datasets, the mismatch classification criteria, and the compar-
ative analyses to evaluate the baseline implementation and the improved

framework;

Chapter 5 illustrates the application of the proposed Variant Validator tool
in a real-world use case. It introduces the VarChat platform as a genera-
tive Al-based assistant for genomic variants, describes supported user input
modalities, and discusses possible integration strategies and input validation

approaches;

Chapter 6 reports the conclusions of the thesis work and the future develop-

ments of the project.



Chapter 2

Background and state of the art

2.1 Biological background

Genetic variants can be classified according to their genomic size, structural char-

acteristics, and predicted functional effects on transcripts and encoded proteins

[13]. The main categories of genetic variants are summarized below and are also

illustrated in Figure 2.1:

e Single Nucleotide Variants (SNVs) are substitutions involving a single nu-

cleotide. When occurring at a population frequency greater than 1%, they

are often referred to as Single Nucleotide Polymorphisms (SNPs) [14];

e Multi-Nucleotide Variants (MNVs) are clusters of two or more nearby nu-

cleotide substitutions occurring on the same haplotype within an individual

[15]. Unlike independent single nucleotide variants that happen to be adja-

cent, MNVs represent a single composite mutational event affecting consecu-

tive bases. When such variants occur within the same codon, their combined

effect on the encoded amino acid may differ from the predicted functional

consequences obtained by considering each substitution independently. For

example, two adjacent nucleotide substitutions may each be individually

classified as missense variants, yet together generate a nonsense mutation;

e Insertions and Deletions (INDELs) are short insertions or deletions of one or

more nucleotides, less than 50 in length. The number of INDELs in human

7
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genomes is second only to the number of SNPs, and, in terms of base pairs

of variation, INDELSs cause similar levels of variation as SNPs [16];

e Structural Variants (SVs) are genomic alterations larger than single nu-
cleotide variants (SNVs) but smaller than large-scale chromosomal abnor-
malities. They are typically defined as rearrangements exceeding 50 base
pairs in length and often span from approximately 1 kb to 3 Mb. SVs in-
clude deletions, duplications, inversions, translocations, and more complex

genomic rearrangements [17];

e Copy Number Variations (CNVs) are segments of DNA that are duplicated or
deleted, resulting in variation in the number of copies of a particular genomic
region. CNVs account for approximately 5-10% of the human genome, are
unevenly distributed-particularly enriched in pericentromeric and subtelom-

eric regions-and affect different gene groups to varying extents [18].

A B L
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Figure 2.1: Types of Genetic Variation. Single nucleotide variants (SNVs) and indels
are changes that affect between one and 50 base pairs in a single event. (A) Example of a
C>T SNV, and a two base pair deletion and a three base pair insertion indel. Examples
of events over > 50 base pairs that constitute SVs are shown in (B); these events include
deletions, duplications, inversions, insertions, translocations, and complex combinations
of these basic variant types. In each example, the top chromosome is the reference, and
the variation is highlighted and displayed beneath. Source: [19].
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SNP and INDEL variants can also be classified according to their genomic

location and functional impact. The principal classifications are shown below:
e Exonic variants: occur within coding exons. They may be:

— Synonymous (silent), not altering the encoded aminoacid;
— Missense, causing an aminoacid substitution;
— Nonsense, introducing a premature stop codon.
e Intronic variants: located within introns. Although often benign, they may
affect splicing if positioned near splice donor or acceptor sites, which cor-

respond to the exon—intron junctions recognized at the 5’ (donor) and 3’

(acceptor) boundaries of introns;

e Splice-site variants: occur at exon-intron boundaries and may disrupt normal

RNA splicing;

e Untranslated region (UTR) variants: located in the 5" or 3’ UTR and poten-

tially affecting transcript stability or translation efficiency;

e Promoter or regulatory variants: may alter transcription factor binding and

gene expression levels;

e Intergenic variants: occur outside annotated genes and may influence distant

regulatory elements.

These biological structures form the basis for the representation of genetic
variants across different coordinate systems, which are formalized through stan-

dardized nomenclature systems such as HGVS.

2.2 Reference Systems and HGVS Nomenclature

2.2.1 Variant Representation: Reference Systems and For-

mats

In genomic analysis, a reference system provides a standardized coordinate frame-

work against which sequence data and annotations can be interpreted. One of the
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most common ways of visualizing and organizing genomic information is through
annotation tracks, or gene tracks, which display the locations of genomic features
relative to a reference sequence. A gene track typically represents the positions
of annotated genes or transcripts along a chromosomal coordinate axis, allowing
users to examine exon-intron structure, alternative isoforms, and other functional
elements in the context of the reference genome [20].

Annotation tracks can include known gene models from curated databases such
as RefSeq [21] or Ensembl [22], predicted transcripts, regulatory elements and
many other features aligned to the same coordinate system. Genome browsers
like the UCSC Genome Browser [23] organize these tracks beneath a common
axis of genomic coordinates, enabling rapid visual correlation of different types of
information and facilitating interpretation of variant effects in a genomic context.

An example of such visualization is shown in Figure 2.2, where annotated
genomic features are displayed along a specific chromosomal region.

A reference genome assembly is a digital representation of an organism DNA
sequence, assembled from overlapping sequence data into ordered and oriented
contigs and scaffolds that approximate the complete set of chromosomes. For hu-
man genomics, assemblies produced by the Genome Reference Consortium (GRC)
[24] serve as widely accepted standards. Each assembly provides a unique set of
coordinate positions for all bases in the genome, against which sequence reads from
an experiment can be aligned and variants can be called.

The most commonly used human reference assemblies are GRCh37, also known
as hgl9, and GRCh38, also referred to as hg38 [25]. GRCh38 is the more recent
build and incorporates improvements in sequence accuracy, representation of al-
ternate haplotypes, and gap closure relative to GRCh37. However, GRCh38 has
been slower to gain full adoption, as large amounts of genomic data and annotation
tools remain tied to GRCh37 [26]. For this reason, both assemblies continue to
coexist in research and diagnostics, even though GRCh38 is widely recognized as
the most accurate and updated reference for human genomics.

In addition to genome assemblies and transcript reference systems, standard-
ized databases and data formats play a crucial role in variant identification.

One of the most widely used public repositories of genetic variation is dbSNP

(Database of Single Nucleotide Polymorphisms). dbSNP assigns a unique iden-

10
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Figure 2.2: View of the annotated location of a gene and its features on a
genomic RefSeq. Genomic regions, transcripts and products section of the Full Report.
The section for the human RBP4 gene is shown. This is an interactive display of the
location of a gene annotated on a genomic RefSeq. More than one genomic RefSeq
sequence may be available, and the gene location on any can be displayed using the
drop down menu at the top. Zoom and panning functions are enabled, and the tracks
displayed can be configured using the “Configure” button. By default, the Genes track
displays a merged rendering of transcripts and coding regions. Complete documentation
is available by clicking the “?” icon. From NCBI platform. Source: [20].

tifier, known as an rsID (Reference SNP cluster ID), to each submitted variant.
For example, a variant may be referred to as rs74315355. An rsID is a stable
identifier that links to a record containing genomic coordinates, alleles, population

frequencies, and supporting evidence. It allows to refer to a specific variant across

11
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resources, even if genomic assemblies or annotations are updates. The genomic
position associated with an rsID depends on the reference assembly version, and
may differ between GRCh37 and GRCh38.

However, the rsID may be ambiguous, in fact variants at the same base but with
different altered alleles are represented with the same rsID. A clarifying example

is shown in Figure 2.3.

dbSNP Short Genetic Variations Search for terms

Examples: rs268, BRCAL and more Advanced search

o Welcome to the Reference SNP (rs) Report
All alleles are reported in the Forward orientation. Click on the Variant Details tab for details on Genomic Placement, Gene, and Amino Acid
changes. HGVS names are in the HGVS tab.

Reference SNP (rs) Report
&Download § @ (2]

Current Build 157
Released September 3, 2024

Organism Homo sapiens Clinical Significance Not Reported in ClinVar
Position chr1:49404 (GRCh38.p14) @ Gene : Consequence None
Alleles C>A/C>G/C>T Publications 0 citations
Variation Type SNV Single Nucleotide Variation Genomic View Seerson genome
Frequency A=0.0000 (0/8126, ALFA)

G=0.0000 (0/8126, ALFA)

T=0.0000 (0/8126, ALFA) (+2 more)

Frequency Variant Clinical HGVS Submissions History Publications Flanks
Details Significance
(2]
Placement L oC= A G T
GRCh3T.p13chrl NC_000001.10:g.49404= NC_00000L1.10:g.49404C>A NC_000001.10:g,49404C>G NC_000001.10:g.49404C>T
GRCh38.pl4 chrl NC_000001.11:g.49404= NC_00000L.11:.49404C>A NC_000001.11:g.49404C>G NC_000001.11:g.49404C>T

Figure 2.3: Example of a variant representation on dbSNP. A single rsID may
correspond to multiple alternate alleles at the same genomic position (e.g., C>A, C>G,
and C>T), illustrating the potential ambiguity of rsID-based variant identification.

While databases such as dbSNP provide variant identifiers, large-scale sequenc-
ing experiments typically store and exchange variants using the Variant Call For-
mat (VCF). VCF is a standardized, tab-delimited text file format designed to

represent genetic variants detected in one or more samples in a computationally
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efficient manner.

Each line of a VCF file corresponds to a single variant and contains mandatory
fields that uniquely define its genomic location and allelic composition. The first
five columns include: chromosome (CHROM), genomic position (POS), variant
identifier (ID, often an rsID), reference allele (REF), and one or more alternate
alleles (ALT, comma-separated in the case of multi-allelic variants). Additional
columns may report quality metrics, filtering status, and genotype information for
individual samples.

A simplified example of a VCF entry is:
1 861808 rs13302982 A G

Here, the variant is located on chromosome 1 at position 861,808 of the reference
genome, where the reference base A is replaced by G. The coordinate system
used in VCF is strictly genomic and assembly-dependent. Consequently, the same
biological variant may be associated with different genomic coordinates depending
on whether GRCh37 or GRCh38 is used, making it essential to always specify the
reference genome build.

In addition to the core fields defining genomic position and allelic composition,
VCF files may include additional information such as sequencing coverage (depth),
quality scores, and filtering status, which provide insight into the reliability of the
variant call.

In addition to single nucleotide substitutions, VCF coordinates can represent
insertions, deletions, duplications, and more complex variants. Some examples

include:

o 2 179391818 . ATGCTA A
Represents a deletion of bases from position 179391819 to 179391823 relative

to the reference genome.

° 2 179391925 . A ATTTTCTTT
Represents an insertion of the sequence TTTTCTTT after position 179391925.

e 12 57762714 . A AA

Represents a tandem duplication of a single nucleotide.
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#CHROM POS ID REF ALT QUAL FILTER INFOD FORMAT

1 Q77028 G T . . DP=648; AF=0. 4566049 ; AD=302;R0=346;
1 1167796 . C T DP=648; AF=0. 4566049 ; AD=302;R0=346;
1 lis8180 . G C DP=648; AF=0. 4566049 ; A0=302;R0=346;
1 1168567 . G A DP=648; AF=0. 4566049 ; A0=302;R0=346;
1 2160304 . C G DP=5648; AF=0. 4566049 ; A0=302;R0=346;
1 2235378 . C T DP=5648; AF=0. 4566049 ; A0=302;R0=346;
1 2235513 . G A DP=5648; AF=0. 4566049 ; A0=302;R0=346;
1 2237525 . c T DP=5648; AF=0. 4566049 ; A0=302;R0=346;
1 2237542 . G A DP=5648; AF=0. 4566049 ; A0=302;R0=346;
1 2237665 . C T DP=5&48; AF=0.4566049; A0=302;R0=344;
1 23379467 . G GC DP=5&48; AF=0.4566049; A0=302;R0=344;

Figure 2.4: Example of a VCF file. Few rows of variants located on chromosome 1
are reported. Only first columns related to nomenclature and genotype are shown

An example of a subset of rows of a VCF file is shown in Figure 2.4.

In addition to coordinate systems and variant exchange formats such as VCF,
genomic analyses rely on standardized file formats that store reference sequences
and structural annotations. Among the most widely used formats are FASTA for
sequence storage and GFF/GTF for genomic feature annotation.

The FASTA format is a simple text-based representation of nucleotide or pro-
tein sequences. Each sequence entry begins with a header line introduced by the
symbol >, followed by lines containing the raw sequence. In the context of human
genomics, FASTA files contain complete chromosome sequences used as reference
during alignment.

The header line includes an identifier (e.g., chromosome accession or transcript
ID) and optional descriptive metadata. The subsequent lines represent the nu-
cleotide sequence using standard IUPAC characters.

An example of the structure of a FASTA file is shown in Figure 2.5.

FASTA files are essential because they define the exact reference sequence
against which variants are described. Any coordinate-based annotation (e.g., VCF
or HGVS) is meaningful only relative to a specific FASTA reference build (e.g.,
GRCh37 or GRCh38).

While FASTA files store raw sequences, structural annotation of genomic fea-
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>1 dna:chromosome chromosome:GRCh37:1:1:249250621:1

NNNNMNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNN
MNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNN
NNNNMNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNN
MNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNN
NNNNMNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNN

Figure 2.5: Example of a FASTA file structure. The header line (preceded by the
character >) contains the sequence identifier and reference assembly information (in this
case GRCh37 chromosome 1). The subsequent lines represent the nucleotide sequence
using standard IUPAC symbols. The presence of consecutive N characters indicates
unknown bases within the reference genome.

tures is typically provided through GFF (General Feature Format) or GTF (Gene
Transfer Format) files. These tab-delimited formats describe the positions of genes,
transcripts, exons, coding sequences (CDS), untranslated regions (UTRs), and
other functional elements along genomic coordinates.

Each line in a GFF or GTF file corresponds to a genomic feature and includes
fields such as chromosome, source, feature type (e.g., gene, exon, CDS), start
and end positions, strand orientation, and additional attribute information. The
attribute column contains structured key—value pairs specifying identifiers such as
gene ID or transcript ID.

GTF is a more strictly defined version of GFF. Both formats allow reconstruc-
tion of exon—intron architecture and transcript structure, which is essential for
projecting variants between genomic, transcript and protein coordinate systems.

An example of GTF annotation structure is illustrated in Figure 2.6.

2.2.2 HGVS Nomenclature

The Human Genome Variation Society (HGVS) nomenclature provides an inter-
nationally recognized standard for the unambiguous description of genetic variants
at the DNA, RNA and protein levels [27]. Its primary objective is to ensure con-
sistency, reproducibility, and clarity in the reporting of sequence alterations across

laboratories, databases, and clinical settings.
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protein_coding gene 621059 622053
protein_coding transcript &2185%9 622053
protein_coding exXon 621859 622033
protein_coding CDS 621099 622034 . -
protein_coding start_codon &22032 622034
protein_coding stop_codon &21096 621098
protein_coding UTR 6220835 6220853 . -
protein_coding UTR 6210859 621895 . -

[ = = =Y

Figure 2.6: Example of a GTF annotation file. Each row represents a genomic fea-
ture annotated on chromosome 1. The third column indicates the feature type (e.g., gene,
transcript, exon, CDS, start_codon, stop_codon, UTR). The fourth and fifth columns
specify the start and end genomic coordinates, while the seventh column reports the
strand orientation. These structural fields allow reconstruction of transcript architec-
ture and coding regions.

HGVS expressions follow a structured syntax:
[Reference Sequence]: [prefix].[variant description]

The reference sequence identifies the exact sequence against which the variant
is described, while the prefix specifies the molecular level at which the variant is
reported. This structure ensures that both the coordinate system and the affected
molecule are clearly defined.

A fundamental requirement of HGVS nomenclature is the use of a well-defined
reference sequence. The description of a variant is meaningful only when the
underlying reference is explicitly specified, thereby preventing ambiguity. The
reference sequence determines the coordinate system used in the variant description
and must therefore be explicitly stated. Two main types of reference sequences

are recommended:

e LRG (Locus Reference Genomic): stable genomic reference sequences de-
signed for clinical reporting. LRG records are fixed and do not change across

genome assembly updates [28];

e RefSeq (Reference Sequence): curated sequences provided by NCBI [29],
including genomic (NC.), transcript (NM_), and protein (NP_) accessions.
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RefSeq identifiers are versioned and updated as annotations improve.

HGVS variants can be described at different molecular levels, each indicated

by a specific prefix:

e hgus_g indicates that the variant is described at the level of genomic DNA, us-
ing chromosomal coordinates defined relative to a specific reference genome
assembly (e.g., GRCh38 or GRCh37). The position refers to the absolute
nucleotide location along the chromosome, independent of any specific tran-

script.

For example, in this notation 38:chr17:g.43070945G>T, chrl7 represents
the accession for chromosome 17 (GRCh38 assembly), g. specifies genomic-
level description, and 43070945G>T indicates a substitution of guanine with
thymine at position 43,070,945 on the chromosome 17;

e hgus_c indicates that the variant is described relative to the coding DNA se-
quence of a specific transcript. The coordinate system is transcript-dependent
and centered on the start codon, where position c.1 corresponds to the first
nucleotide of the initiator codon. Positions upstream of the start codon
(5 UTR) are indicated with negative values (e.g., c.-25A>G), while posi-
tions downstream of the stop codon (3’ UTR) are denoted using an asterisk
(e.g., c.*10G>A). Intronic variants are described relative to the nearest exon
boundary using a plus or minus notation. The symbol +N indicates a position
N nucleotides into the intron downstream of an exon, whereas -N indicates

a position N nucleotides upstream of an exon within the preceding intron.

For example, c¢.594+1G>A describes a substitution occurring one nucleotide
into the intron following coding position 594, while c.594-2A>C indicates
a substitution two nucleotides upstream of coding position 594, within the

intron preceding that exon;

e hgus_p indicates that the variant is described at the protein level, reflecting
the predicted consequence of a DNA or RNA alteration on the amino acid
sequence. Protein changes are expressed using the three-letter amino acid

code, unless otherwise specified.
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For example, in this notation: NP_009225.1:p.Gln1756Ter, NP_009225.1
identifies the protein sequence, p. specifies protein-level description, and
Gln1756Ter indicates that glutamine at position 1756 is replaced by a ter-
mination codon (nonsense mutation). Protein-level descriptions may also in-
clude missense substitutions (e.g., p.Gly12Asp), frameshifts (e.g., p. Val600Glufs*4),

or in-frame deletions and insertions;

e hgvs_m is used for variants occurring in the mitochondrial chromosome. The
coordinate system refers to the mitochondrial reference sequence (typically
NC_012920).

For example, in this case: NC_012920.1:m.3243A>G, m. specifies mitochon-
drial DNA level, and 3243A>G indicates a substitution at position 3243 of
the mitochondrial genome. Mitochondrial variants are particularly relevant

in metabolic and maternally inherited disorders [30];

e hgus_n is used when describing variants relative to a non-coding transcript
that does not contain a coding sequence (CDS). Unlike hgvs_c, numbering is

based on the full length of the transcript and does not refer to a start codon.

For example, here: NR_026971.1:n.152G>A, NR_026971.1 denotes a RefSeq
non-coding RNA transcript, and n.152G>A indicates a substitution at nu-
cleotide position 152 of the RNA sequence. This notation is commonly used
for variants affecting long non-coding RNAs (IncRNAs) or other regulatory
transcripts [31].

The choice of prefix determines the coordinate system and interpretation of
the variant. Each prefix corresponds to a specific reference sequence and num-
bering scheme, defining how positions are calculated and reported. A summary
of the main HGVS prefixes and their associated reference sequence frameworks is
provided in Table 2.1.

One of the key principles of HGVS nomenclature is the 3 rule, which resolves
ambiguities arising in repetitive sequences. When a variant can be described in
multiple equivalent ways, HGVS requires that the alteration be assigned to the

most 3’ possible position within the reference sequence.
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Table 2.1: HGVS reference sequences and their corresponding numbering schemes.
Adapted from: [32].

Numbering Prefix  Position numbering in relation to

scheme

Genomic DNA g. First nucleotide of the genomic reference
sequence

Coding DNA c. First nucleotide of the translation start
codon of the coding DNA reference se-
quence

Noncoding DNA n. First nucleotide of the noncoding DNA
reference sequence

Mitochondrial m. First nucleotide of the mitochondrial DNA

DNA reference sequence

RNA r. First nucleotide of the RNA reference se-
quence

Protein p- First amino acid of the protein sequence

The example shown in Figure 2.7 illustrates this principle. In the reference
sequence, the codon TTT encodes phenylalanine (Phe). In the sample sequence, this
codon is absent, indicating the deletion of Phe. However, since the surrounding
nucleotides contain repetitive elements, the deletion can be represented in two
different but biologically equivalent ways: either as c.1520_1522delTCT or as
c.1521_1523delCTT. Both descriptions result in the removal of the same amino
acid residue, yet they correspond to slightly shifted nucleotide coordinates.

According to the HGVS 3’ rule, the correct representation is the one that places
the deletion at the most 3’ position possible within the reference sequence. There-
fore, the preferred description is c¢.1521_1523delCTT. This convention ensures a
unique and standardized annotation, preventing multiple alternative descriptions
of the same molecular event.

Due to the strict syntax and multiple possible representations of the same
biological variant, automated validation of HGV'S expressions is essential to ensure

correctness and consistency.
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5’ 3
1520 1530

Reference ATC ATC TTT GGT GTT
sequence |le |[le Phe Gly Val
Sample ATC ATT GGT GTT *Phe has been deleted,
sequence |le le * Gly Val butwhich nucleotides?

[ 3
Two 1520 1530 1520 11530
options ATC ATC TTT GGT GTT ATC ATC TTT GGT GTT'

- ¥ I
ATT ATT
NM_000492.3:.1520_1522delTCT  NM_000492.3:c.1521_1523delCTT

OR— & According to the 3 rule, this is
the correct description, as we
choose the most 3’ position

Figure 2.7: Illustration of the HGVS 3’ rule. Example of an ambiguous codon dele-
tion within a repetitive sequence. Although the phenylalanine codon (TTT) is removed
in the sample sequence, the deletion can be represented by two equivalent nucleotide
descriptions due to sequence repetition. According to the HGVS 3’ rule, the correct
annotation is the one assigned to the most 3’ position in the reference sequence.

2.3 State of the art in variants validation tools

To address the objectives defined in this work, a state of the art of the existing
variants validation tools was performed. Each tool was evaluated with respect to its

functional scope, input flexibility, architectural design and execution environment.
2.3.1 Overview of variants validation tools

LOVD Syntax Checker

The LOVD HGVS library (HGVS-syntax-checker) [33] is an open-source, stan-
dalone PHP validation engine aimed at checking variant descriptions according to
HGVS nomenclature rules. It is available at https://github.com/LOVDnl/HGVS-
syntax-checker. Unlike sequence-level validators, it does not require access to a
reference genome or transcript sequence; instead, it detects syntax and formatting

errors, corrects common user mistakes, and outputs standardized HGVS repre-
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sentations. For full sequence-aware validation and biological consistency checks,
external tools are required.

The library can be executed locally (PHP CLI) or embedded as a PHP de-
pendency, making it fully usable without remote services. An online interface and
a lightweight API are also available for low-volume requests. An example of its
behavior is shown in Figure 2.8.

When the variant NM_000518.4:c.20delA was provided as input, the library
flagged the deleted nucleotide as redundant and suggested the normalized HGVS-
compliant form NM_000518.4:c.20del. This illustrates the tool’s role as a syntax-
aware normalizer, enforcing HGVS formatting rules without performing sequence-

level validation.

l(base) engenome@engencme:~/PycharmProjects/HGVS-syntax-checker$ php -f HEGVS.php "NM_B08518.4:c.20delA"

[

{

"input®: “NM_B8B808518.4:c.28delA",

"identified_as": "full_variant_DNA",

“identified_as_formatted”: “full variant (DNA)",

"valid™: false,

"messages”: [],

"warnings™: {
“WSUFFIXBIVEN": “"The deleted sequence is redundant and should be removed."

}.

“arrors”: [],

*data": {
"position_start™: 28,
"position_end": 20,
*position_start_intron®: @8,
"position_end_intron": 8,
"range": false,
"type™: "del"®

},

"corrected_values": {
"NM_B86518.4:c.28del"; 1

}

}

Figure 2.8: Example of output of the LOVD HGVS syntax checker.
For the input NM_000518.4:c.20delA, the tool identifies the deleted nucleotide

as redundant and suggests the normalized HGVS-compliant representation NM_-
000518.4:c.20del.

Mutalyzer

Mutalyzer 2 [34] is an open-source HGVS nomenclature checker designed to

help users produce unambiguous, HGVS-compliant variant descriptions. The core
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tool is the Name Checker, which takes an interpretable HGVS description and
returns a canonical one by applying a fixed pipeline: it first performs a syntactic
check (parsing the description with a formal grammar), then a semantic check (ver-
ifying that coordinates and reference nucleotides match the underlying sequence),
and finally a disambiguation step (e.g., minimization, simplification of variant
types, and 3’ shifting according to HGVS rules).

A key practical drawback is that Mutalyzer’'s sequence-level validation and
coordinate conversions rely on retrieving reference sequences and mapping in-
formation from external repositories, primarily NCBI. In practice, this entails
API/database queries to NCBI (including additional queries for annotation en-
richment), making Mutalyzer not fully self-contained and potentially sensitive to
network availability. An example of Mutalyzer usage in a programmatic setting is
shown below.

Given the input NM_000059.3: c.123T>G, the tool returns a corrected_description
but also reports a semantic error (SEQUENCEMISMATCH), indicating that the spec-
ified reference nucleotide (T) does not match the base found in the reference se-
quence at that position.

In the same run, the warning related to NCBI E-utilities highlights that refer-
ence retrieval is performed through remote queries, confirming the dependence on

API calls to NCBI for sequence-level validation.
Variant Validator

VariantValidator [35] is a web-based tool designed to validate, map, and for-
mat sequence variant descriptions according to HGVS recommendations. It was
developed to make the functionality of the open-source Biocommons hgvs Python
package [36] accessible through a user-friendly interface, while adding practical
features that are commonly needed in clinical reporting and when handling high-
throughput variant calls.

VariantValidator validates variants in the context of the underlying reference
sequence, thus detecting sequence mismatches. In addition, VariantValidator sup-
ports the conversion between HGVS descriptions and VCF representations, and it
can map chromosomal variants to the set of relevant transcripts overlapping the

same genomic locus, presenting the results in a single consolidated view.
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At the computational core, these operations rely on the Biocommons hgvs
package, whose architecture is summarized in Figure 2.9. The workflow starts from
a parser that converts an HGVS string into a structured SequenceVariant object
(encoding accession, coordinate system and the position/edit components). The
same object can then be processed by modules that validate internal consistency,
and validate externally against reference sequences and transcript models. Down-
stream, a normalizer rewrites equivalent descriptions into a canonical HGVS form
(e.g., by trimming shared sequence context and applying HGVS shifting rules),
while a mapper projects variants between coordinate systems using transcript-

genome alignments.

Parser

variant
NM_000030.2:c.661_663delTCC

¥
ac type  posedit
pos edit

hp = hgvs.parser.Parser()

hgvs_var = hp.parse_hgvs_variant(variant)

Validator Mapper ‘ Normalizer
Internal External genomic transcript protein ‘ ' Shi i
Validator Validator 3 Shify Reite
vr = hgvs.validator.Validator(hdp) am = hgvs.assemblymapper.AssemblyMapper(hdp) hn = hgvs.normalizer.Normalizer(hdp)
vr.validate(hgvs_var) var_g = am.c_to_g(hgvs_var) hn.normalize(hgvs_var)

Result: True Result: NC_000002.12:9.240874044_240874 046del Result: NM_000030.2:¢.662_664del

‘ Data Provider

| sequences, exon structures, alignments

hdp = hgvs.dataproviders.uta.connect()

Figure 2.9: Overview of the Biocommons hgvs package architecture. The
diagram summarizes the main components of the library: an HGVS string is parsed
into a structured SequenceVariant object (Parser), then checked for internal
and sequence-aware consistency (Validator), optionally rewritten into a canoni-
cal HGVS representation (Normalizer), and projected across coordinate systems
(Mapper) using reference data and transcript-genome alignments. Source: [36]

VariantValidator is implemented around a local reference infrastructure. It
relies on a local installation of UTA (Universal Transcript Archive), a relational
database that stores transcript—genome alignments, exon structures, and coordi-
nate mappings, and on a local SeqRepo instance for sequence retrieval. UTA pro-

vides the necessary alignment framework to project variants between genomic and
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transcript coordinate systems, while SeqRepo enables efficient access to reference
genomic, transcript, and protein sequences. These resources are complemented by
auxiliary lookup tables that are periodically synchronized with external providers
such as NCBI, HGNC, and UCSC.

When focusing on the underlying hgvs package as a building block, an im-
portant practical limitation is that while hgvs supports forward projections such
as c—g and c—p, it does not provide an inverse mapping from protein-level de-
scriptions back to transcript coordinates (p—c). As a result, cross-level ambiguity
resolution is not inherently solved inside the core library and must be addressed
externally, which becomes a relevant limitation when compared with tools that

attempt to manage these ambiguities more directly.
SnpEff

SnpEff [37] is an open-source tool designed for the functional annotation of
large variant datasets, typically produced by NGS pipelines. Unlike HGVS-focused
validators such as Mutalyzer or VariantValidator, which primarily aim to check and
normalize a single variant description against a specific reference sequence, SnpEff
is mainly used downstream of variant calling to assign each variant a genomic
context and a predicted biological effect.

Given a set of variants (most commonly provided in VCF format), SnpEff classi-
fies each event according to the genomic region it overlaps-for example intronic, ex-
onic, untranslated regions (5’UTR/3'UTR), upstream/downstream of transcripts,
splice-site, or intergenic regions. When the variant affects a protein-coding tran-
script, the tool also predicts the coding consequence, distinguishing effects such
as synonymous vs. non-synonymous substitutions, frameshifts, stop-gain/stop-loss
events, and start-gain/start-loss events. If multiple transcript isoforms are anno-
tated for the same gene, SnpEff reports consequences for each transcript, since the
predicted effect can differ depending on the isoform considered.

Operationally, SnpEff works in two stages. First, it builds a genome-specific
database starting from a reference genome sequence (FASTA) and an annotation
file (e.g. GTF/GFF). In the annotation stage, the database is loaded and variants
are rapidly intersected with genomic intervals using efficient interval-based data

structures (an “interval forest” indexed by chromosome), enabling high-throughput
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annotation at scale. The output can be generated again as a VCF, with predicted
effects stored in the INFO field, which makes SnpEff easy to integrate into auto-
mated pipelines and batch analyses.

Unlike tools such as Mutalyzer or VariantValidator, SnpEff is not an HGVS
validator and does not parse or validate c. or p. descriptions provided as input.
Instead, it accepts variants in VCF format, meaning that the input must be defined
only at the genomic level using chromosome coordinates, reference allele, and

alternate allele relative to a specific genome assembly.
TransVar

TransVar [38] is an open-source variant validation tool specifically designed
to resolve ambiguities that arise when translating variants across genomic (g.),
transcript (c.), and protein (p.) coordinate systems.

In the human genome, relationships between variant representations are rarely
one-to-one. A single genomic variant may affect multiple transcripts (one-to-
many), while a protein-level variant may originate from distinct genomic alter-
ations (many-to-one). In complex loci, these relationships may become many-to-
many. Ambiguity becomes particularly problematic when transcript identifiers or
isoform information are missing. For example, the protein variant EGFR:p.L7473
can derive from different genomic substitutions across distinct isoforms. Without
specifying the transcript context, its genomic origin cannot be uniquely deter-
mined.

TransVar was developed to explicitly expose and systematize these cross-level
ambiguities. It enables complete cross-level mapping among g., c., and p. coor-
dinates: a variant provided at any level can be translated to the other two while
systematically enumerating all compatible isoforms and genomic candidates. This
multi-level mapping framework is illustrated in Figure 2.10.

TransVar provides three main functionalities:

e Forward annotation: given a genomic variant (g.), TransVar reports all com-
patible transcript (c.) and protein (p.) consequences across all isoforms in

the selected transcript database;
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Figure 2.10: TransVar cross-level mapping framework. The diagram il-
lustrates complete translation across genomic (DNA), transcript (mRNA), and
protein levels. A genomic variant may affect multiple transcripts and generate
different protein consequences, while a protein-level description may correspond
to multiple genomic candidates depending on the isoform context. Source: [38].

e Reverse annotation: given a transcript-level (c.) or protein-level (p.) vari-
ant, TransVar returns all possible genomic origins capable of producing that
description, thereby revealing whether the variant is uniquely determined or

intrinsically ambiguous;

e Equivalence annotation: given a protein variant, TransVar identifies equiva-
lent protein descriptions generated by the same genomic alteration but an-

notated on different isoforms.

TransVar supports multiple genome builds (hgl9 and hg38), with build switch-
ing available via command-line options. It accepts input either in HGVS format
or tabular form, and supports batch processing.

Genomic variants can also be provided in standard VCF format, making it
possible to annotate variants derived directly from NGS pipelines. When VCF
input is supplied, TransVar projects each variant onto all compatible genes and
transcripts and computes the corresponding functional consequences onto the other
levels.

Several transcript databases can be configured, including RefSeq, Ensembl,
GENCODE [39], and UCSC. The choice of database directly influences annotation

26



Background and state of the art

breadth and interpretation. RefSeq provides a conservative and highly curated
transcript set, typically focusing on well-supported isoforms. In contrast, Ensembl
and GENCODE include a broader and more heterogeneous repertoire of alternative
and computationally predicted transcripts. As a consequence, using Ensembl or
GENCODE may increase isoform coverage and the number of reported variant
consequences.

A key strength of TransVar is its isoform-aware design. Unlike many validation
tools that report only a single representative transcript, TransVar systematically
annotates all compatible isoforms, preventing information loss and making struc-
tural ambiguity explicit.

TransVar follows HGVS normalization principles. The 3’ rule is applied at the
nucleotide level (genomic and transcript coordinates). As discussed in Par. 2.2.2,
when multiple equivalent representations are possible-typically in repetitive sequences-
the variant must be assigned to the most 3’ position within the reference sequence.
The tool reports both normalized and alternative aligned representations, increas-
ing transparency across coordinate systems.

Ambiguity at the protein level is handled explicitly by TransVar. Generally,
multiple codons may encode the same amino acid due to the degeneracy of the
genetic code. TransVar first identifies the reference codon at the specified protein
position and then enumerates all possible nucleotide substitutions-including both
SNVs and MNVs-that would produce the altered amino acid. For each candidate,
the number of nucleotide changes relative to the reference codon is computed, and
the representation requiring the smallest number of substitutions is considered
the most parsimonious solution. At the same time, alternative valid genomic
representations are also reported. In this way, the inherent ambiguity introduced
by codon degeneracy is made explicit rather than being resolved implicitly by
arbitrarily selecting a single candidate.

An example of this behavior is shown in Figure 2.11, where multiple genomic
candidates are reported for a single protein-level description.

The output includes variant class, transcript context, exon number, and ge-
nomic, transcript, and protein coordinates when applicable.

Additional features include reporting of candidate MNVs, integration with db-

SNP for rsID reporting (for single-nucleotide variants), and transcript catalog ex-
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PIK3CA:p.E545K ENSTOOOO0263967 (protein_coding) PIK3CA +
chr3:g9.178936091G>A/c.1633G>A/p.E545K inside_[cds_in_exon_10]
CSQN=Missense;reference_codon=GAG;candidate_codons=AAG, AAA;candidate_mnv_vari
ants=chr3:g.178936091_178936093delGAGinsAAA;dbsnp=rs104886003(chr3:178936091G
>A);aliases=ENSPOOO0O0O263967;source=Ensembl

Figure 2.11: Protein-to-genome mapping example in TransVar. Output
of the command line transvar panno -i PIK3CA:p.E545K --ensembl. The tool
maps the protein variant to genomic and transcript coordinates, reports the refer-
ence codon (GAG), enumerates candidate codons producing the amino acid sub-
stitution (AAG, AAA), lists alternative genomic representations including MNVs,
and provides exon context and known dbSNP identifiers. [40]

traction for a given gene. However, TransVar does not accept rsID identifiers
directly as input; variants must be provided in coordinate or HGVS form.
TransVar occupies a distinct position within the landscape of variant validation
tools. Unlike SnpEff, which primarily operates on VCF input and focuses on ge-
nomic effect prediction, TransVar supports direct input at g. (in both VCF-like or
HGVS formats), c., and p. levels and performs exhaustive cross-level translation.
Its primary strength lies in systematically resolving isoform-related ambiguity and
enumerating all equivalent representations across coordinate systems. This makes
it particularly suitable for studies requiring comprehensive multi-level annotation

and ambiguity-aware variant interpretation.

Ensembl Variant Effect Predictor (VEP)

The Ensembl Variant Effect Predictor (VEP) is a widely adopted variant an-
notation tool developed by the Ensembl project [41]. It is designed to predict the
molecular consequences of genomic variants and to integrate functional, popula-
tion, and clinical annotations within a single framework.

VEP supports both VCF-like and HGVS inputs (including transcript- and
protein-level descriptions), but it is primarily optimized for high-throughput an-
notation of VCF files.

Each variant is compared against a selected transcript set (Ensembl/GEN-
CODE or RefSeq), and consequences are assigned using Sequence Ontology (SO)

terms [42]. For every variant-transcript pair, VEP reports genomic, cDNA, and
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protein coordinates, codon and amino acid changes, exon context, transcript bio-
type, and predicted impact severity.

A major strength of VEP is its integration of external resources, including:

e population allele frequencies (e.g., gnomAD [43], 1000 Genomes [44]);

e clinical databases (ClinVar [45]);

e somatic mutation resources (COSMIC) [46];

e protein domain annotations (InterPro) [47];

e pathogenicity prediction scores (SIFT [48], PolyPhen-2 [49], CADD [50],

SpliceAT [51]);
e regulatory region annotations.

This makes VEP particularly suitable for large-scale variant prioritization and
clinical interpretation workflows.

VEP is accessible through three main interfaces: (i) a web-based graphical in-
terface, (i) a REST API for programmatic access, and (iii) a command-line tool
for local execution. The web interface is convenient for small datasets, whereas
large-scale analyses typically require either API-based workflows or local installa-
tion.

Although VEP supports HGVS input (including transcript- and protein-level
descriptions) and performs coordinate translation across genomic (g.), transcript
(c.), and protein (p.) levels similarly to TransVar, this functionality is only deliv-
ered through the Ensembl web interface or via REST API services.

While a command-line version of VEP is available, full local deployment is
not available. This highlights that HGVS-based input parsing and cross-level
coordinate translation can be performed only by online Ensembl services or by an
API-backed infrastructure.

As a consequence, VEP is not inherently designed as a fully self-contained
validation engine. In contrast, tools such as TransVar are conceived as autonomous
local systems, where cross-level mapping (g./c./p.) can be performed without

dependence on external services.
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2.3.2 Functional and technical requirements

The analysis of existing tools highlights a central challenge in variant validation:
the need for a fully automated system capable of performing accurate multi-level
coordinate translation while minimizing cross-level ambiguity:.

To summarize the comparative analysis of the reviewed tools, Table 2.2 pro-
vides an overview of their main functional and architectural characteristics. The
comparison focuses on deployability, input flexibility, cross-level mapping capabil-
ities, ambiguity handling, and dependency on external services.

From a functional perspective, the desired Variant Validator must:

e support input at all relevant representation levels: genomic (g.), coding tran-
script (c.), protein (p.), mitochondrial (m.), non-coding transcript (n.), rsID

and VCF-like formats;

e perform consistent cross-level mapping (g <> ¢ <+ p) while preserving HGVS

compliance;

e explicitly expose ambiguity arising from isoform multiplicity rather than

masking it through default transcript prioritization;

e cnumerate equivalent variant representations when multiple genomic events

can produce the same transcript or protein-level change;

e correctly normalize variants according to HGVS alignment rules at each co-

ordinate level.
From a technical perspective, the system must:

e operate as a fully self-contained local tool without reliance on web services
or REST APIs;

e be executable in controlled or offline computational environments;
e allow configurable transcript databases while maintaining reproducibility;

e support batch processing for integration into automated pipelines.
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The review of current tools shows that many platforms either prioritize effect
prediction over cross-coordinate validation (e.g., SnpEff), focus primarily on HGVS
syntax validation (e.g., LOVD Syntax Checker), or require web/APT infrastructure
to enable full multi-level mapping (e.g., Ensembl VEP and Mutalyzer).

In contrast, TransVar provides native support for genomic, transcript, and
protein inputs; performs comprehensive cross-level mapping locally; systematically
enumerates isoform-dependent consequences; and makes ambiguity explicit rather
than implicit. Its architecture aligns most closely with the functional and technical
requirements identified above.

For these reasons, TransVar was selected as the foundational Variant Validation

engine for the development of the proposed system.

Table 2.2: Comparative overview of variant validation tools analyzed in this work.

Tool Locally External HGVS goc—p Explicit
deploy- services parsing map- ambi-
able inde- ping guity

pendent han-
dling

LOVD Syntax Checker Yes Yes Yes (syn- No No

tax only)

Mutalyzer No No Yes Yes No

Variant Validator Yes Yes Yes No No

SnpEff Yes Yes No No No

TransVar Yes Yes Yes Yes Yes

VEP No No Yes Yes Yes
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Chapter 3

Methods

In this chapter, the methodological framework developed for the implementation
of the Variant Validation module is presented. The chapter describes the compu-
tational environment, the Variant Validation workflow built upon the TransVar
tool, and the set of conversion strategies designed to map across different lev-
els of genomic annotation, including genomic coordinates, coding DNA (cDNA)

coordinates, and protein-level representations.

3.1 Software and Computational Environment

TransVar is the variant validation engine selected as the foundation of this work.
TransVar is implemented in Python and distributed as an open-source command-
line tool [38]. The latest official release of TransVar was published on July 1,
2018.

Python was therefore used as the programming language for the methodolog-
ical improvements and for the development of the entire variant validation work-
flow. Python has well-established applications in bioinformatics, particularly in the
analysis and processing of DNA sequences. As an interpreted language supporting
both procedural and object-oriented paradigms, it combines flexibility with read-
ability. Furthermore, Python provides a large ecosystem of libraries facilitating
file handling.

Code development and modifications were performed using PyCharm, an In-
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tegrated Development Environment (IDE).

Version control was managed through Bitbucket, a web-based Git repository
management platform developed by Atlassian. Bitbucket supports distributed
version control, structured branching strategies, and traceability of code changes,
ensuring controlled evolution of the codebase and reproducibility of experimental
configurations.

To guarantee environmental consistency and portability, the execution envi-
ronment was containerized using Docker. Docker employs operating system-level
virtualization to package applications and their dependencies into containers thus
allowing the system to be executed in a reproducible and deterministic manner
across heterogeneous infrastructures [52]. This approach minimizes discrepancies
caused by system-level configuration differences and aligns with the objective of
maintaining a fully self-contained validation framework.

Cloud-based components were deployed within the Amazon Web Services (AWS)
ecosystem. AWS is a comprehensive cloud computing platform that provides scal-
able infrastructure services, including compute resources, storage solutions, and
managed database systems. Within this environment, AWS DocumentDB was
adopted as a managed document-oriented database service compatible with Mon-
goDB APIs [53]. DocumentDB was specifically integrated to support TransVar
rsID-based input handling by storing and querying this type of variant records.
Thus this architectural layer enables cross-level mapping of rsID inputs. The de-
tailed design and operational logic of the rsID integration module are described in
Par. 3.2.4.

3.2 Variant Validator framework

3.2.1 Resources preprocessing

Before performing variant validation, TransVar transforms heterogeneous genomic
resources into a structured and queryable internal representation. This prepro-
cessing step acts as a normalization layer between raw biological annotation files
and the variant validation engine. Importantly, this transformation is performed

once during database preparation and not at each validation request. Once gener-
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ated, the internal database can be reused across multiple variant queries, ensuring
consistent behavior and computational efficiency.

The preprocessing workflow relies on three categories of resources, all discussed
in Par. 2.2.1:

e a reference genome sequence (FASTA format);

e transcript and gene annotation files (GTF/GFF formats from RefSeq, En-
sembl, GENCODE, UCSC);

e optional external variant resources (e.g., dbSNP).

Because transcript annotations are distributed as large, hierarchical GTF/GFF
files, directly interrogating them at runtime would require repeated parsing, inter-
val scanning, and on-the-fly reconstruction of gene-transcript structures, resulting
in unnecessary long computational effort and non-deterministic behavior across
heterogeneous sources. For this reason, preprocessing converts the raw annotation
files into a compact, transcript-centric internal database in which each transcript
is represented in a standardized and self-contained form and can be retrieved
through dedicated indices. This design enables fast and reproducible transcript
lookup during variant validation.

Since the preprocessing procedure is independent from individual validation
requests, raw resources can be updated whenever new genome assemblies, tran-
script releases, or annotation revisions become available. Rebuilding the inter-
nal database with updated reference files allows the Variant Validator to remain
aligned with evolving biological knowledge while preserving the same validation
logic.

Transcript annotation files are parsed and transformed into structured gene-
transcript models. For each transcript, genomic span, strand orientation, exon
structure, CDS boundaries, transcript identifiers (with version), and cross-references
are extracted and harmonized. The result is a standardized internal representa-
tion independent of the original annotation provider. Normalized transcripts are
serialized into a compact internal database file with extension .transvardb. Each
line represents a fully reconstructed transcript model, collapsing the hierarchical

structure of the original GFF/GTF files into a single transcript-level record.
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An example entry derived from the GRCh38 RefSeq GFF annotation for a
specific transcript of the gene BRCA1 is shown in Table 3.1. Each row corresponds

to a structured field stored in the internal .transvardb database.

Field Value
Gene symbol BRCA1
Transcript 1D NM_007294

Transcript version 4
Transcript biotype protein_coding
Transcript span 43044295-43125364

Chromosome chrl?7

Strand -

CDS boundaries 43045678-43124096

Exon coordinates  [(43044295,43045802), ... , (43125271,43125364)]

Protein accession NP_009225
External identifiers GenelD:672, HGNC:1100, MIM:113705

Table 3.1: Example of transcript-centric record stored in the internal .transvardb
database for the gene BRCA1.

The transformation from multi-line relational annotation (gene — transcript
— exon — CDS) into a transcript-centric structure is fundamental to enabling
deterministic variant mapping. After transcript models are serialized into the
.transvardb file, additional indexing structures are created to enable efficient
and fast querying during variant validation.

Two complementary access mechanisms are implemented. The first is a name-
based index, which allows direct retrieval of transcript records using gene symbols
or transcript identifiers. This mechanism is essential when the input variant is
expressed in transcript-level notation (e.g., HGVS ¢. or HGVS p.), where the
reference transcript must be resolved before coordinate mapping can occur.

Operationally, the name-based access layer is implemented through two indices
defined as in-memory hash-based lookup structures: a gene index, which maps each
gene symbol to the starting position of its associated transcript records in the
.transvardb file, and a transcript index, which maps each transcript identifier to
its corresponding file offset. The transcript index is used for transcript-level input,
enabling direct retrieval of a specific transcript record, whereas the gene index

is used for gene-level input to locate the block of transcripts associated with the
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given gene, which are then retrieved sequentially. These positional offsets allow
the validator to seek directly to the relevant records in the database file, avoiding
full scans of the complete transcript collection.

The second is a coordinate-based index, which organizes transcripts according
to their genomic positions. This structure enables rapid identification of all tran-
scripts overlapping a given genomic interval, a fundamental requirement when the
input variant is provided in genomic notation (e.g., genomic coordinates).

At the implementation level, the coordinate-based index is implemented as
a separate genomic interval file derived from transcript coordinates, sorted by
chromosome and genomic position, compressed with bgzip, and indexed with
tabix. Given a genomic query interval, this index can be interrogated to retrieve
only the subset of transcript identifiers whose genomic span intersects the queried
locus. These identifiers are then resolved through the name-based indexing layer
to access the corresponding transcript records in the .transvardb database.

The use of indexing enables fast retrieval of relevant transcript records, al-
lowing variant validation to be performed efficiently without scanning the entire
.transvardb database.

In addition to transcript annotations, external variant databases such as dbSNP
can be configured as supplementary resources. Unlike transcript annotation files,
dbSNP entries are not reconstructed into the internal .transvardb format.

Instead, the dbSNP dataset, typically provided as a coordinate-indexed VCF
file, is accessed directly through its existing genomic indexing structure (e.g., tabix
indexing).

At runtime, when a variant is being validated, its genomic coordinates are used
to query the dbSNP resource within the relevant interval. If a matching record is
found, based on chromosome, position, and allele information, the corresponding
dbSNP identifiers are appended to the validation output.

Importantly, dbSNP does not influence transcript reconstruction, coordinate
mapping, or functional consequence inference. It functions exclusively as an exter-
nal lookup layer that enriches the final validation by reporting whether the queried
variant corresponds to a previously catalogued polymorphism.

The overall preprocessing flow is shown in Figure 3.1.
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[ Raw reference and annotation resources ]

Y

[ Parsing and transcript reconstruction ]

Y
[ Transcript-centric serialization 1

(.transvardb)

Y
Name indexing
+ Coordinate indexing

Y
[ Structured and indexed database }

ready for variant mapping and validation

Figure 3.1: Preprocessing workflow for transcript database construction.
The diagram illustrates the sequential transformation from raw reference and an-
notation resources to a structured and indexed internal database ready for variant
mapping and validation.

3.2.2 Variant Validator workflows

After the preprocessing step has established a structured and indexed transcript
database, the validation engine processes input variants according to their repre-
sentation level. In this section, the three possible input workflows, genomic (g.),
coding DNA (c.), and protein (p.), are detailed.

An important aspect of these processes is the definition and application of
appropriate normalization rules to all three level inputs, ensuring that variant rep-
resentations are corrected and standardized in accordance with the HGVS nomen-

clature guidelines.

37



Methods

3.2.2.1 Genomic input workflow (g.)

Genomic variants (g.) represent alterations described with respect to reference
genome coordinates, where positions are defined on a specific genome assembly
(e.g., GRCh37 or GRCh38). Variants expressed at this level are processed through
the TransVar ganno command-line, which activates the genomic-driven validation
workflow.

After the preprocessing stage has established a normalized and indexed internal
transcript database, variant validation operates on individual or batch queries.
In batch mode, multiple variant entries are provided as a list or input file and
processed in parallel within a single execution, enabling efficient high-throughput
validation. When a variant is provided at the genomic level either as an HGVS-like
g. expression or as a VCF entry, the system follows a structured workflow that
transforms a coordinate-based description into a transcript-aware and functionally

interpreted validation.
Input parsing and normalization

A genomic input is first parsed into an internal representation that captures
chromosome, coordinates range, and reference/alternate alleles. Because genomic
variants may be expressed using slightly different conventions (e.g., chromosome
naming schemes such as chri7 vs 17), chromosome identifiers are harmonized to
match the selected reference assembly.

Reference validation is then performed against the chosen genome assembly.
The reference genome FASTA file is accessed through an indexed interface (FASTA
index, e.g., faidx), which enables direct fast retrieval of the nucleotide sequence
corresponding to the specified genomic coordinates without scanning the entire file.
The nucleotide sequence obtained from the assembly is compared to the reference
allele provided in the input.

If the supplied reference allele does not match the assembly sequence at the
specified position or interval, the variant is flagged as inconsistent with the selected
genome build. Such discrepancies may arise, for example, when coordinates refer
to a different reference assembly (e.g., GRCh37 vs GRCh38) or when the variant

description is incorrectly specified.
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By validating the reference allele through indexed sequence retrieval, the work-
flow ensures that all downstream coordinate projections are anchored to the exact
nucleotide content of the chosen genome assembly.

For multi-nucleotide substitutions and insertions or deletions, additional nor-
malization procedures are applied to remove redundant sequence context and to
establish a canonical HGVS representation of the event. This step ensures consis-
tency between equivalent representations of the same biological variant.

For example, in repetitive genomic regions, the same insertion or deletion may

admit multiple coordinate descriptions. For instance, considering the sequence:
ATATAT

and considering that the first A is at the genomic coordinate 100, if one AT

repeat is deleted, the event could be described as:

g.100_101delAT
g.102_103de1AT
g.104_105delAT

All three descriptions correspond to the removal of a single repeat unit and
are biologically indistinguishable. Normalization resolves this ambiguity by select-
ing a consistent HGVS representation following the 3’ rule, thus ensuring correct

reporting.
Context identification and transcript collection

Once normalized, the genomic coordinates are used to query the indexed tran-
script database (.transvardb), retrieving all transcripts overlapping the queried
interval through the coordinate-based indexing strategy described in Par. 3.2.1.
Because multiple transcripts, and so potentially multiple genes, may overlap the
same genomic locus, a single input variant may correspond to several valid tran-
script contexts. The workflow therefore branches into parallel validation options,

one for each relevant transcript.

39



Methods

This transcript-dependent interpretation is a fundamental property of genomic-
level validation: the same genomic variant may lead to different cDNA and protein-
level outcomes depending on exon structure, coding boundaries, and strand orien-
tation. For example, a variant may be exonic and missense in one transcript, but
intronic or untranslated in another.

This projection from genomic coordinates to coding DNA (c.) and, when ap-
plicable, protein-level (p.) descriptions ensures that the functional interpretation

remains consistent with the selected transcript model.
Genomic-to-cDNA mapping

For each overlapping transcript, genomic coordinates are translated into cDNA
coordinates using the exon structure and strand information stored in the internal
pre-processed database. This step relies on the explicit mapping between genomic
positions and the ordered exon segments that define each transcript.

If the variant is within an exon, the corresponding position in the spliced tran-
script is computed by accounting for exon boundaries and cumulative exon lengths.
If the variant is within an intron, its position is represented relative to the nearest
exon boundary according to HGVS conventions. When a transcript is located on
the negative strand, the mapping procedure additionally reverses coordinate orien-
tation and applies reverse-complement transformation to the nucleotide sequence,
ensuring that the resulting cDNA description follows the 5'—3’ direction of the

transcript.

Illustrative examples of genomic-to-cDNA mapping
To clarify how genomic coordinates are converted into cDNA coordinates, a
simplified transcript model located on the positive strand with the following struc-

ture is considered:

e the first exon, including a 5° UTR segment and a coding exon, has genomic
location 100-149;

e the second exon, including a coding exon and a 3’ UTR segment, has genomic
location 200-249;
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e the coding sequence (CDS), beginning with the Start Codon ATG, starts in
the genomic position 110 and includes all the coding exons of the gene (in

this example, up to the genomic position 230).

In this configuration, the CDS spans two coding exonic segments (110-149 and
200-230), while the region 150-199 corresponds to an intron.

Ezxample 1: Eronic variant

Supposing a genomic SNV occurs at position g.205A>G, because position 205
lies within the CDS portion of Exon 2 (200-230), it is included in the ordered list
of coding nucleotides constructed during preprocessing. To compute the cDNA
coordinate, the system counts the cumulative number of coding bases preceding

the variant:

e 110-149: 40 coding bases (from Exon 1);

e 200-204: 5 coding bases (from Exon 2).

Thus, position 205 corresponds to the 46th nucleotide of the CDS. The resulting

transcript-level representation is therefore:
c.46A>G

In this case, the genomic position is translated into a spliced transcript co-
ordinate by accounting for exon boundaries and cumulative coding lengths, as

illustrated in Figure 3.2.

Ezample 2: Intronic variant - downstream offset (¢.N+M)

Considering a genomic SNV at position g.160C>T, position 160 lies within the
intron between Exon 1 and Exon 2 (150-199). The closest coding nucleotide is
position 149 (the last coding base of Exon 1). The distance between 149 and 160
is 11 nucleotides. Because the variant lies downstream of the last coding base of
Exon 1 (moving in the 5’—3’ direction of the transcript), it is represented using a

positive intronic offset:

c.40+11C>T
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g.100 g.110 g.149 g.200g.205 g.230 @.249

9. — TACGT;LTG...ACGlG ....... : ...CCC

c.-10 c.1 c.40 c.41 c.46 c.71 c¢.*19

Legend: I

Coding exon = - INPUT: chr:g.205A>G

Intron =—————+
UTR =

Figure 3.2: First illustrative example of genomic-to-cDNA mapping. A
genomic variant at position g.205A>G is projected onto the spliced transcript co-
ordinate system. The first coding exon contributes positions c.1-c.40, while
the second coding exon continues from c.41. The resulting cDNA coordinate is
c.46A>G.

g.100 g.110 g.149 g.160 g.200 g.230 g.249

g. — TACGTALTG...ACGC,L ...CCAGC....... ...CCC

c.-10 cl c.40 c.41 c.71 c.*19

Legend: I

Coding exon = - INPUT: chr:g.160C>T

Intron =—————+
UTR =

Figure 3.3: Second illustrative example of genomic-to-cDNA mapping. A
genomic variant at position g.160C>T falls within the intronic region between the
two exons. The last coding nucleotide of Exon 1 corresponds to c.40, and the
variant is located 11 nucleotides downstream within the intron. As a result, the
cDNA coordinate is expressed as c¢.40+11C>T, following HGVS intronic notation.
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Here, 40 corresponds to the last coding nucleotide of Exon 1, and +11 indi-
cates that the variant lies 11 bases into the downstream intron, as illustrated in

Figure 3.3.

Ezample 3: Intronic variant - upstream offset (¢.N—M)
Given a different intronic SNV at position g.195A>G, this position also lies
within the same intron (150-199), but it is much closer to the beginning of Exon

2 at position 200. Distances from exon boundaries are:

e from 149 (end of Exon 1): 46 nucleotides;

e from 200 (start of Exon 2): 5 nucleotides.

Because the variant is closer to the next exon (Exon 2), its position is expressed
relative to the first coding nucleotide of that exon. The first coding base of Exon
2 corresponds to cDNA position 41 (40 coding bases from Exon 1 followed by the
first coding base of Exon 2). Since the variant lies 5 bases upstream of that exon

boundary, it is represented using a negative intronic offset:
c.41-5A>G

Here, 41 identifies the first coding nucleotide of Exon 2, and -5 indicates that

the variant lies 5 bases upstream within the intron, as illustrated in Figure 3.4.
From cDNA coordinates to protein consequences

When the mapped transcript position lies within a coding sequence (CDS), the
workflow proceeds to evaluate potential protein-level consequences. The cDNA po-
sition is first interpreted within the CDS coordinate system, where nucleotide posi-
tions are grouped into codons (triplets of nucleotides) starting from the translation
initiation site (c.1). Each codon corresponds to a specific amino acid according
to the standard genetic code.

Operationally, the procedure follows three main steps:

1. the ¢cDNA position is converted into a codon index and an intra-codon posi-
tion. The codon index is computed as [¢cDNA position/3], i.e., by rounding

up the division between the nucleotide position and 3 to the nearest integer;
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g.100 g.110 g¢.149 g.195 g.200 g.230 g.249

| l l

g. — TACGTATG...ACGCG....... A.... GC....... TGA...CCC
c.41-5

c.-10 cl c.40 c.41 c.71 c.*19

Legend: I

Coding exon = - INPUT: chr:g.195A>G

Intron =————
UTR = I

Figure 3.4: Third illustrative example of genomic-to-cDNA mapping. A
genomic variant at position g.195A>G falls within the intronic region between the
two exons. The first coding nucleotide of Exon 2 corresponds to c.41, and the
variant is located 5 nucleotides upstream of this exon boundary. As a result, the
c¢DNA coordinate is expressed as c.41-5A>G

2. the reference codon is reconstructed from the CDS sequence;

3. the altered codon (or codon block, in case of indels) is generated by applying

the variant.

The reference and altered codons are then translated into amino acids and
compared to determine the resulting protein-level effect.
By comparing the reference and altered codons, the system determines whether

the variant results in:

e a synonymous substitution (no amino acid change);

e a missense substitution (single amino acid change);

a multi-amino acid substitution;

e an in-frame insertion or deletion;

a frameshift leading to downstream sequence alteration;
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e a premature stop codon.

Illustrative examples of cDINA-to-protein mapping

Example 1: Missense variant

Considering a coding sequence beginning with:
ATG GAA TTT CCC
which is translated as:
Met (p.1)  Glu (p.2) Phe (p.3) Pro (p.4)
Supposing a variant occurs at position c.4G>A. To interpret this variant:

e c.4 corresponds to the first nucleotide of the second codon;

e codon index = [4/3] = 2, i.e., by dividing the nucleotide position by 3 and
rounding up to the nearest integer (positions 1-3 map to codon 1, 4-6 to

codon 2, etc.);

e intra-codon position = 1 (first base of the codon).
The reference codon is therefore:
GAA — Glu
After applying the variant, the codon becomes:
AAA — Lys
The resulting protein-level change is:

p.Glu2Lys

Example 2: Frameshift variant

Considering the same sequence and a deletion at position c.4delG.

The original sequence:
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ATG GAA TTT CCC

becomes:

ATG AAT TTC CC...
To interpret the effect:
e c.4 lies in the second codon;
e deletion shifts the reading frame starting from codon 2;
e all downstream codons are redefined.
The new codon structure becomes:

ATG AAT TTC

which translates into a completely different amino acid sequence from position
2 onward, typically leading to a premature stop codon downstream.

This is represented using HGVS frameshift notation:
p.Glu2AsnfsTerX

where fs indicates a frameshift and TerX denotes the position of the newly

introduced stop codon.
Integration of external variant resources

In addition to transcript-derived validations, the dbSNP variant files can be
interrogated (if present among the loaded resources). When a match is found,
dbSNP identifiers are appended to the validation record. As already mentioned
in Par. 3.2.1, these external resources do not influence coordinate mapping or
consequence inference; they function exclusively as supplementary validation layers

that enrich the final output.
Final output structure

The final output is constructed as a collection of validation records derived
from the same input variant. Each record corresponds to a specific transcript or

genomic context and includes:
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the normalized genomic representation of the variant;

the associated gene and transcript identifiers;

e region classification (e.g., exonic, intronic);

transcript-level and, when applicable, protein-level consequences;

optional dbSNP identifier.

The overall genomic input workflow is shown in Figure 3.5.
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Figure 3.5: Genomic input validation workflow. A genomic variant provided
in HGVS g. notation or VCF format undergoes parsing and normalization, includ-
ing chromosome harmonization and reference allele validation against the indexed
genome assembly. The normalized variant is then mapped onto all overlapping
transcripts retrieved from the internal pre-processed database. For each compati-
ble transcript, genomic coordinates are projected to cDNA and, when applicable,
protein levels, enabling region classification and functional consequence inference.
Optional external resources such as dbSNP are queried using the reconstructed ge-
nomic coordinates, and matching identifiers are appended to the output. Because
multiple transcripts may overlap the same genomic locus, a single input variant
can generate multiple transcript-specific validation records.
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3.2.2.2 Coding DNA input workflow (c.)

Coding DNA variants (c.) describe nucleotide alterations relative to the coding
sequence of a specific transcript, where positions are numbered starting from the
translation initiation codon (c.1) and follow the spliced transcript structure. Vari-
ants expressed at this level are processed through the TransVar canno command-
line, which activates the cDNA-driven validation workflow.

Unlike genomic input, where chromosome coordinates represent the primary
reference frame, coding DNA input is interpreted relative to transcript models

stored in the internal TransVar database.
Input parsing and transcript resolution

A ¢DNA variant is first parsed into an internal structure containing (i) the
transcript or gene identifier, (ii) the HGVS coding position within the spliced
transcript, and (iii) the reference and alternate nucleotide sequence describing the
alteration.

Two distinct input scenarios are supported:

e transcript-level input (e.g., NM_001407571.1:c.123A>G), where the tran-
script identifier is explicitly provided;

e gene-level input (e.g., BRCALl:c.123A>G), where only the gene name is spec-
ified.

Transcript resolution is performed through the name-based indexing mecha-
nism described in Par. 3.2.1, enabling direct retrieval of transcript records using
either transcript identifiers or gene symbols as input.

In the transcript-level input case, the workflow resolves the exact transcript
within the selected annotation database and proceeds with a single transcript
context.

In the gene-level input case, all transcripts associated with the specified gene in
the loaded database are examined. However, only those transcripts for which the
provided cDNA coordinate is valid and compatible with the transcript structure

are retained. For example, transcripts are excluded from the final output if the
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specified position cannot be mapped due to differences in exon organization, or
if the reference nucleotide at the resolved position does not match the reference
allele provided in the input.

Consequently, transcript-specific input typically produces a single validation
record, whereas gene-level input may generate multiple records (one per each com-
patible transcript) reflecting alternative exon structures, coding boundaries, and
transcript versions. Transcripts for which the provided cDNA coordinate is not

biologically consistent are not reported.
Interpretation of cDNA coordinates

Once the relevant transcript(s) are identified, the cDNA coordinate is inter-
preted relative to the exon structure of each transcript. Positions located within
exons correspond directly to coding DNA coordinates, while positions expressed
with intronic offsets are resolved relative to exon-intron junctions according to
HGVS conventions. Because transcript models are stored as ordered exon seg-
ments with defined coding start and end positions, the system can determine

whether the variant lies within the coding sequence (CDS) or other spaces.
Projection from cDNA to genomic coordinates

Once the ¢cDNA position has been determined within the transcript, it is
mapped back onto the genomic coordinates using the stored exon boundaries. This
process mirrors the logic used in the genomic-to-transcript conversion (ganno), but
in a reverse way, projecting transcript positions onto their corresponding genomic
loci. Strand orientation is explicitly considered during this projection, as it was for
the genomic workflow. As in the genomic workflow, multi-nucleotide substitutions

and complex events undergo normalization procedures.

Illustrative examples of cDNA-to-genomic mapping
To clarify how ¢cDNA coordinates are converted into genomic coordinates, the
same simplified transcript model defined in 3.2.2.1 located on the positive strand

is considered:

e the first exon, including a 5° UTR segment and a coding exon, has genomic
location 100-149;
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e the second exon, including a coding exon and a 3’ UTR segment, has genomic
location 200-249;

e the coding sequence (CDS), beginning with the Start Codon ATG, starts in
the genomic position 110 and includes all the coding exons of the gene (in

this example, up to the genomic position 230).

Ezxample 1: Ezxonic variant

Supposing a cDNA SNV is provided as:
c.46A>G

the system must determine the corresponding genomic position.

To do so, the cDNA coordinate is first interpreted within the CDS: exon 1
(110-149) contributes 40 coding bases, therefore c.1-c.40 map to exon 1. The
remaining positions are located in exon 2.

The queried position is:

46 —40 =6

Thus, c.46 corresponds to the 6th coding nucleotide within exon 2.

Because exon 2 starts at genomic position 200, the genomic coordinate is:

20046 —1 =205

The resulting genomic representation is therefore:

g.205A>G

Ezample 2: Intronic variant - downstream offset (¢.N+M)

Considering a cDNA-level variant:

c.40+11C>T
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Here, ¢.40 corresponds to the last coding nucleotide of exon 1 (position 149),
and +11 indicates that the variant lies 11 nucleotides downstream within the intron.

The genomic coordinate is therefore computed as:

149 + 11 = 160

The corresponding genomic representation is:

g.160C>T

Example 3: Intronic variant - upstream offset (¢.N—M)

Given a cDNA-level variant:
c.41-5A>G

c.41 corresponds to the first coding nucleotide of exon 2, which maps to ge-
nomic position 200. The -5 indicates that the variant lies 5 nucleotides upstream
of this exon boundary within the intron.

The genomic coordinate is therefore:

200 =5 =195

The resulting genomic representation is:

g.195A>G

In all cases, transcript-to-genomic mapping is performed by resolving the po-
sition of the cDNA coordinate within the ordered coding exons and projecting it
back onto the genome using exon boundaries and strand information.

Once the cDNA position has been projected onto the corresponding genomic
locus, the reference nucleotide is validated against the reference genome sequence.
In particular, the system retrieves the nucleotide at the resolved genomic posi-
tion from the indexed FASTA file and interprets it in the strand context of the

transcript.
Protein-level consequence inference
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The procedure is the same as the one described in the genomic workflow (Par.
3.2.2.1). If the resolved ¢cDNA position falls within the coding sequence, the altered

nucleotide is evaluated within its codon context.
Integration of dbSNP resources

As in the genomic workflow, when a ¢cDNA match is identified and the ge-
nomic coordinates are reconstructed, dbSNP identifiers are appended to the output

record.
Output structure

Each output record derived from a ¢cDNA input includes:

the original cDNA representation of the variant;

the resolved transcript and gene identifiers;

the reconstructed genomic description;

e region classification within the transcript;

protein-level consequence when applicable;

optional dbSNP identifiers.

Thus, transcript-specific input produces a single primary validation, while gene-
level input may generate multiple transcript-dependent records, reflecting the bi-
ological diversity of transcript isoforms associated with the same gene.

The ¢cDNA validation workflow is summarized in Figure 3.6.

3.2.2.3 Protein input workflow (p.)

Protein variants (p.) describe amino acid alterations relative to the translated
product of a specific transcript, where positions are numbered starting from the
first amino acid of the protein sequence. Variants expressed at this level are pro-
cessed through the TransVar panno command-line, which activates the protein-

driven validation workflow.
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Figure 3.6: cDNA input validation workflow. A cDNA variant is parsed
and resolved against one or multiple transcript models. The coding coordinate is
interpreted relative to exon structure and CDS boundaries, projected to genomic
space, functionally classified at transcript and protein level, optionally enriched
with external resources such as dbSNP, and finally emitted as one or multiple
transcript-dependent output records.
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Unlike genomic and cDNA workflows-where nucleotide coordinates provide a
direct mapping framework-protein-level input requires an additional inference step,

as multiple nucleotide sequences may encode the same amino acid change.
Input parsing and transcript resolution

A protein variant is first parsed into an internal representation capturing the
transcript or gene identifier, amino acid position, and altered residue. As in the
cDNA workflow, transcript resolution is performed through the name-based in-
dexing mechanism described in Par. 3.2.1, enabling direct retrieval of transcript
records using either transcript identifiers or gene symbols. Two input modalities

are supported:

e transcript-specific input (e.g., NM_007294.4:p.His41Gly), where a precise

transcript is defined;

e gene-level input (e.g., BRCAl:p.His41Gly), where only the gene name is
provided.

In the transcript-specific case, interpretation is restricted to the indicated tran-
script model. In the gene-level case, all transcripts associated with the specified
gene are examined; however, only those transcripts whose coding sequence includes
the specified amino acid position are retained. Transcripts having a different amino

acid or lacking a compatible coding region are excluded.
Protein-to-cDNA inference

Because the input describes an amino acid change rather than a nucleotide
change, the system must infer which codon(s) could produce the observed protein
alteration. Each amino acid is encoded by one or more codons, and therefore a
single protein-level variant may correspond to multiple possible nucleotide substi-
tutions.

For a given transcript, the amino acid position is first converted into its corre-
sponding codon position within the coding sequence.

The reference codon is reconstructed from the transcript sequence by retrieving

the underlying nucleotide sequence and translating it according to the genetic code.
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The resulting amino acid is then compared with the reference residue provided in
the input protein variant. If the translated amino acid does not match the expected
reference residue, the transcript is considered incompatible and is excluded from
further processing.

Only for compatible transcripts, alternative codons consistent with the re-
quested amino acid change are then enumerated.

As discussed in Par. 2.3.1, TransVar resolves the ambiguity introduced by
codon degeneracy using a parsimony-based strategy. For each candidate codon,
the number of nucleotide substitutions required to convert the reference codon into
the alternative codon is computed. The candidate requiring the smallest number
of nucleotide changes is selected as the primary representation used for subsequent
projection to cDNA and genomic coordinates.

At the same time, additional codon combinations also compatible with the re-
quested amino acid substitution are retained and reported as alternative candidate
events in the output. This approach makes the inherent ambiguity of protein-level
input explicit while avoiding arbitrary selection of a single nucleotide interpreta-

tion.

Illustrative example of protein-to-cDNA inference

To clarify how protein-level variants are translated into cDNA coordinates, a
simplified transcript is considered whose coding sequence is interpreted starting
from c.1, corresponding to the first nucleotide of the start codon.

Supposing a protein-level variant is provided as:

p.GlulOLys

Each amino acid is encoded by a codon consisting of three nucleotides. There-

fore, amino acid position n corresponds to the following cDNA interval:

c.(3n —2)--c.(3n)

For position n = 10:

c.(3-10—2) =c.28
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c.(3-10) =¢.30

Thus, amino acid position 10 corresponds to the codon spanning;:

c.28--c¢.30

The nucleotide triplet at positions c.28--c.30 is extracted from the CDS.

Supposing the reference codon is:

GAA — Glu (p.10)

Lysine (Lys) can be encoded by:
AAA,  AAG

Thus, multiple nucleotide changes can produce the same amino acid substitu-

tion.

The number of nucleotide substitutions required for each candidate is evalu-
ated:

e GAA — AAA: 1 substitution (at c.28)

e GAA — AAG: 2 substitutions (at c.28 and c.30)
The minimal-change candidate is selected:

c.28G>A

Projection to genomic coordinates

Once candidate codon changes are determined and are translated into cDNA
coordinates, genomic coordinates are reconstructed using the exon structure and
strand orientation, as described for the coding DNA input workflow (Par. 3.2.2.2).

Strand awareness remains essential: for transcripts on the negative strand,
nucleotide substitutions are reverse-complemented to ensure consistency with the

reference genome assembly.
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Functional interpretation and output

Because the input already specifies a protein alteration, the primary functional
consequence is intrinsically defined. However, the workflow validates that the
inferred nucleotide change is consistent with the transcript coding sequence and
determines whether additional effects, such as multi-amino acid substitutions or
frameshift implications, are implied.

Each output record includes:

the original protein-level representation;

the resolved transcript and gene identifiers;

the inferred cDNA description;

the reconstructed genomic coordinates;

confirmation of coding consequence consistency.

The protein validation workflow is shown in Figure 3.7.
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Figure 3.7: Protein input validation workflow. A protein-level variant is first
resolved to one or more compatible transcript models. The corresponding codon
position within the CDS is identified, and the reference codon is reconstructed
to verify consistency with the amino acid specified in the input. For compati-
ble transcripts, candidate nucleotide substitutions capable of producing the re-
quested amino acid change are then enumerated. Each candidate codon alteration
is mapped onto spliced cDNA coordinates and projected to genomic coordinates
using exon structure and strand orientation. The resulting records integrate pro-
tein, transcript, and genomic representations into a unified validation output.
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3.2.3 Limitations and methodological improvements

Following the systematic validation of the original TransVar implementation, sev-
eral limitations were identified, differing in scope and impact on validation accu-
racy and consistency. Some issues involved localized inconsistencies and lacknesses,
whereas others revealed more structural constraints affecting coordinate interpre-
tation and variant classification logic.

The methodological improvements introduced in this work are therefore orga-
nized into two categories: minor refinements, addressing specific technical incon-
sistencies or lacknesses without altering the core architecture, and major improve-

ments, involving modifications to coordinate handling.

Minor improvements

A first limitation identified in the original TransVar preprocessing strategy con-
cerned the selection of transcript types retained within the internal .transvardb
datasets. By design, the original implementation stored primarily protein-coding
transcripts. Non-coding transcripts (NR/ENST), including long non-coding RNAs
(IncRNAs), non-coding RNAs (ncRNAs) and antisense transcripts were systemat-
ically excluded during GTF and GFF parsing and database serialization.

This choice introduced two practical limitations. First, several genes exclusively
associated with non-coding transcripts (e.g., NEAT1) were entirely absent from
the internal validation database. Second, gene-level queries did not reflect the full
transcript diversity provided by the reference validation source.

To address these limitations, the preprocessing logic was modified to retain
all transcript categories associated with each gene, including both coding and
non-coding accessions. As a result, the internal .transvardb files now preserve a
complete transcript representation consistent with the original GFF/GTF sources.

The inclusion of non-coding transcripts required not only their retention during
preprocessing, but also a consistent strategy for coordinate mapping within an
engine originally designed around coding DNA (c.) nomenclature.

According to HGVS recommendations, non-coding transcripts must be de-

scribed using the n. prefix rather than c.. In this nomenclature standard, nu-

60



Methods

cleotide positions are counted from the first transcribed nucleotide of the RNA
molecule, not from a translation initiation codon. Unlike coding transcripts, there
is no reference to a CDS start. Position n.1 corresponds to the first nucleotide of
the spliced transcript sequence.

An example of a non-coding transcript serialized in the internal .transvardb
format is shown in Table 3.2. This illustrates how non-coding transcripts are
represented within the same transcript-centric structure adopted for protein-coding

transcripts, while preserving their exon—intron organization.

Field Value
Gene symbol FGFR2
Transcript ID NR_073009

Transcript version 2
Transcript biotype ncRNA
Transcript span 123237846-123357958

Chromosome chr10

Strand -

CDS boundaries 123237846-123357958

Exon coordinates [(123237846,123239535), ... , (123357476,123357958)]

Protein accession —

External identifiers GenelD:2263, HGNC:3689, MIM:176943

Table 3.2: Example of transcript-centric record stored in the internal .transvardb
database for the gene FGFR2.

Because non-coding transcripts do not contain an annotated CDS interval, a
conceptual difficulty arises: the internal coordinate system of TransVar is intrinsi-
cally CDS-centric, meaning that transcript coordinates are normally anchored to
CDS boundaries.

To avoid introducing a separate mapping engine for non-coding RNAs, the
entire transcript span is internally treated as a single “coding-like” interval. In
practice, the CDS boundaries are set equal to the transcript start and end, while
the original exon structure is preserved unchanged. As a result, the internal coor-
dinate system spans the full spliced transcript sequence, while still reflecting the
true exon—intron organization of the transcript.

Conceptually, this representation is not biologically accurate, since no transla-

tion occurs. However, from a coordinate perspective it is equivalent to the HGVS
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n. model, where nucleotide positions are counted from the beginning of the spliced
transcript across exons in transcriptional order.

In this way, the numerical indexing remains identical to what HGVS prescribes
for n. notation.

This design choice ensures that genomic-to-transcript (g—n) mapping remains
exon-aware and strand-aware, and that transcript-to-genomic (n—g) projection
uses the same robust exon-based logic implemented for coding transcripts.

The only inconsistency left lies in the HGVS prefix. Since the internal engine
historically produces c¢. coordinates, a post-processing adjustment was introduced.

After mapping, the transcript biotype is inspected:

e if the transcript is non-coding, the c. prefix must be replaced with n.;

e if the transcript is protein-coding, the standard c. notation must be re-

tained.

Finally, an additional enhancement was introduced to incorporate transcript
prioritization metadata directly into the .transvardb structure.

The MANE (Matched Annotation from NCBI and Ensembl) project was estab-
lished to define a single, representative transcript per protein-coding gene that is
consistently annotated between RefSeq and Ensembl. A MANE Select transcript
represents the primary, high-confidence reference transcript agreed upon by both
annotation consortia, with identical exon structure, coding sequence, and genomic
coordinates across databases. In addition, MANE Plus Clinical transcripts extend
this framework by including alternative transcripts that are clinically relevant, par-
ticularly when known pathogenic variants occur outside the MANE Select isoform
[54].

For GRCh38 (both RefSeq and Ensembl), MANE Select and MANE Plus Clin-
ical annotations were integrated into the preprocessing stage using the MANE-
related attributes which were already present within the source GTF/GFF an-
notation files. For GRCh37 RefSeq datasets, analogous RefSeq Select and Plus
Clinical information flags were incorporated to ensure consistent transcript prior-

itization across genome builds.
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These annotations are now stored at preprocessing time and propagated to
runtime outputs. This enables deterministic transcript prioritization according to

clinically relevant criteria. Specifically:

e for GRCh38 (both RefSeq and Ensembl): MANE Select — MANE Plus

Clinical — other protein-coding transcripts — non-coding transcripts;

e for GRCh37 (RefSeq): RefSeq Select — RefSeq Plus Clinical — other protein-

coding transcripts — non-coding transcripts;

e for GRCh37 (Ensembl): Protein-coding transcripts — non-coding transcripts.

This prioritization logic is consistently applied across g., c., and p. workflows.
As a consequence, validation outputs are now both more informative and more

clinically aligned.

Major improvements

A major limitation identified during validation concerns the mapping of vari-
ants located within 5" and 3’ untranslated regions (UTRs). A comparative analysis
against SnpEff revealed systematic discrepancies affecting both coordinate repre-
sentation and regional interpretation for this variant category.

Variants located in untranslated regions can belong to two distinct categories.
Ezonic UTR variants fall within UTR segments of exons (non-coding portions of
exons located in the 5" or 3’ untranslated regions) and are expressed using HGVS
coordinates such as c.-N or c¢.*N with N indicating the exonic offset.

In contrast, intronic UTR variants occur within introns adjacent to UTR exons
and are represented using compound expressions such as c¢.-N+M or c.*N+M, where
the intronic offset M is measured relative to the nearest UTR exon boundary.

When identical genomic-level inputs are provided, TransVar and SnpEff pro-

duce divergent transcript-level outputs. Representative examples include:

e Input: chr10:g.100177309G>A = TransVar: ¢.2103+12C>T vs SnpEff:
c.*12C>T for transcript NM_000195
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e Input: chr19:g.44905796C>T = TransVar: c¢.1-829C>T vs  SnpkEff:
c.-69C>T for transcript NM_000041

e Input: chril:g.66290982delA = TransVar: c.786+3445delA vs SnpEff:
c.*22-2046delA for transcript NM_001348571

Although the genomic coordinates are identical, the resulting c. descrip-
tions differ substantially. SnpEff reports canonical HGVS UTR notation (c.-N
for 5’UTR and c.*N for 3UTR), whereas the original TransVar implementation
expresses these positions as linear offsets relative to CDS boundaries (e.g., c.1-N
or ¢.<CDSlen>+N).

This discrepancy originates from a structural design choice in the original
TransVar architecture. During preprocessing, transcript sequences are reconstructed
in a CDS-centric manner: the internal spliced coordinate system is built exclu-
sively on the concatenated coding exons (CDS), rather than on the full spliced
transcript including 5’UTR and 3’UTR exonic segments. Exon-intron boundaries
are correctly stored and therefore canonical exonic and intronic variants within
the CDS (e.g., c.25+3) are handled appropriately. However, untranslated regions
are not incorporated into the indexed transcript coordinates array used for cDNA
mapping.

As a consequence, the internal coordinate system is intrinsically anchored to
CDS boundaries. When a variant falls outside the CDS, TransVar does not com-
pute its position along the full spliced transcript. Instead, it measures a linear
genomic offset from either the CDS start or the CDS end and encodes this distance
relative to c.1 (for upstream positions) or to the last CDS nucleotide (for down-
stream positions). This produces representations such as c¢.1-19053 or ¢.2103+12,
which resemble intronic-style offsets rather than canonical UTR notation.

In contrast, HGVS-compliant transcript-aware annotators reconstruct the en-
tire spliced transcript (5’"UTR + CDS + 3'UTR) and calculate UTR coordinates
using transcript-based distances. Thus, c.-346 reflects 346 nucleotides upstream
of the CDS start counted along concatenated 5’'UTR exons, while c.*12 reflects
12 nucleotides downstream of the stop codon along concatenated 3’'UTR exons.

Importantly, this limitation affects both genomic-to-transcript projection (g —

¢) and transcript-to-genomic mapping (¢ — g). The issue is therefore bidirectional

64



Methods

and rooted in the coordinate model itself.

Thus the absence of a UTR~aware spliced coordinate system prevents the gener-
ation of canonical HGVS UTR expressions. Consequently, variants located within
5" and 3’ UTR regions are systematically represented using CDS-relative genomic
offsets, leading to frequent discrepancies during cross-tool validation. A clarifying
example of the different validation workflow followed by TransVar and by SnpEff
for this category of variants is shown below in details.

Considering the genomic variant:
chri19:g.44905796C>T

for transcript NM_000041 (strand = +), whose CDS spans [44906625,44909250]
and whose annotated 5’UTR interval is [ (44905796,44905841) , (44906602,44906624)].
The variant position g.44905796 lies within the 5’'UTR region.

In the original TransVar implementation, transcript coordinates are indexed
only along the spliced CDS.
Thus, the first CDS nucleotide is internally represented as c.1. For positions

upstream of the CDS, TransVar computes a genomic offset from the CDS start:

N = cds_beg - gpos = 44906625 — 44905796 = 829

Rather than using HGVS upstream notation, the position is expressed as an
offset from the first CDS nucleotide:

c.1-829

The final output becomes:

NM_000041:c.1-829C>T

HGVS-compliant validators instead reconstruct the full spliced transcript, in-
cluding UTR segments, and compute coordinates relative to the transcript struc-
ture. For a positive-strand transcript, the last nucleotide immediately upstream
of the CDS corresponds to:
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c.-1 <= g.(CDS_beg - 1) = g.44906624

The upstream index N is then determined by counting nucleotides along the
spliced 5’'UTR sequence. Because the 5’'UTR is distributed across multiple exonic
segments, the transcript-level distance does not coincide with the genomic distance.

By traversing the ordered 5’'UTR exon blocks, the variant position corresponds

to:

N =69

This yields the canonical HGVS 5’UTR notation:

NM_000041:c.-69C>T

Both TransVar and SnpEff correctly identify the variant as upstream of the
CDS. However, TransVar anchors the coordinate to the first CDS nucleotide and re-
ports a CDS-relative offset (c.1-829), whereas SnpEff reports a transcript-spliced
5'UTR position using canonical HGVS notation (c.-69).

This outcome is systematically produced whenever the variant falls outside the
CDS in the original TransVar logic: rather than numbering UTR positions using
HGVS notation, the tool anchors coordinates to the terminal CDS index (CDSlen)
and expresses downstream positions (such as CDSlen+N) or upstream positions
(such as 1-N).

This difference is clearly illustrated in Figure 3.8, where the discrepancy be-
tween genomic offset and transcript-spliced distance shown in the previous example

becomes evident.

Implementation of UTR-aware validation for exonic and intronic

variants

Since the original TransVar implementation was not UTR-aware, untranslated
regions were not, explicitly modeled within the internal transcript coordinate sys-
tem. All sequence outside the CDS was effectively treated as generic non-coding

space.
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Figure 3.8: UTR mapping discrepancy between TransVar and
HGVS-compliant annotation.  Graphical representation of the variant
chr19:g.44905796C>T mapped onto the transcript NM_000041. In the original
TransVar implementation, transcript coordinates are computed relative to the CDS
only, resulting in a genomic offset from the CDS start (c.1-829). In contrast, a
HGVS-compliant annotator computes the position along concatenated 5’UTR ex-
onic segments, producing c.-69.

To solve this limitation, UTR segments were explicitly reconstructed during
preprocessing and stored for each transcript within the .transvardb internal
database.

For every protein-coding transcript, 5’ and 3’ untranslated regions were ex-
plicitly reconstructed during preprocessing using the annotated exon coordinates
together with the CDS boundaries. Rather than treating UTRs as single contigu-
ous genomic intervals, the reconstruction follows the transcript exon structure.

Protein-coding transcripts are composed of multiple exons separated by introns.
Because the CDS may begin or end within an exon, untranslated regions often
correspond to non-coding segments of exons and may be distributed across several
non-contiguous segments. Consequently, UTRs must be represented as a collection
of exon-derived segments rather than as a single continuous region.

To address this, the preprocessing step iterates over the exon list of each tran-
script and compares every exon with the CDS boundaries. For each exon, three

situations may occur:

67



Methods

e the exon lies entirely upstream of the CDS start and therefore contributes
completely to the 5’UTR,;

e the exon lies entirely downstream of the CDS end and therefore contributes
completely to the 3'UTR;

e the exon overlaps the CDS boundary, in which case only the non-coding

portion of the exon is retained as UTR.

The resulting segments are stored as ordered lists of genomic intervals. All
exonic portions located before the CDS start are serialized as utr5 blocks, while
segments located after the CDS end are stored as utr3 blocks. Because these
segments originate from exons, they represent the spliced transcript structure and
automatically preserve strand orientation and exon ordering.

These segmented regions are referred to as UTR blocks.

Considering the protein-coding transcript NM_001351992 shown below:

NM_001351992 chriil strand = +
Transcript span: 93474838 -- 93497915
CDS: 93480560 —-- 93494854
Exons: [(93474838,93474894), (93480468,93480614), (93483512,93483610),
(93486848,93486921), (93487102,93487203), (93490482,93490631),
(93492908,93493024) , (93494681,93497915)]

The CDS begins inside the second exon. Consequently:

e the first exon (93474838,93474894) lies entirely upstream of the CDS and
therefore belongs completely to the 5’'UTR;

e the second exon (93480468,93480614) overlaps the CDS start, so only the
portion preceding the CDS boundary contributes to the 5’UTR,;

e the following exons are entirely coding until the last exon;

e the last exon (93494681,93497915) overlaps the CDS end, so only the seg-
ment located after the CDS boundary contributes to the 3’'UTR.
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After processing all exons, the resulting UTR segments are stored internally as

ordered genomic blocks:

utrs = [(93474838,93474894), (93480468,93480559)]
utr3 = [(93494855,93497915)]

By serializing UTRs as exon-derived blocks, the transcript model becomes fully
structure-aware. Distances within UTR regions can now be computed along the
spliced transcript, enabling correct handling of both exonic and intronic UTR

variants according to HGVS coordinate conventions.
Revised genomic-to-cDNA mapping (g — ¢)

When a genomic coordinate is provided, the mapping procedure now first
checks whether the position falls within a stored UTR block. If the coordinate
lies inside an exonic UTR block, the transcript offset is computed by cumulatively
traversing the ordered UTR exon blocks starting from the CDS-adjacent UTR
exon and proceeding in transcript direction, counting only nucleotides belonging
to UTR exons and excluding intronic sequence. This produces canonical HGVS
expressions such as c.-N or c.*N, where N represents the distance measured along
the spliced UTR transcript sequence.

Otherwise, if the coordinate lies in an intron between two UTR exons, the
nearest UTR exon boundary is identified. The transcript-level offset N is first
determined for that exon boundary by traversing the ordered UTR exon blocks,
and the intronic displacement M is then computed relative to the exon edge,
producing c.-N+M or c.*N+M.

Revised cDNA-to-genomic mapping (c — g)

The same UTR-aware logic was implemented in the reverse direction in order to
support canonical projection of transcript-level UTR coordinates back to genomic
space.

When the input coordinate corresponds to an exonic UTR position (e.g., c.-N
or c.*N), the value of N is interpreted as a transcript-relative distance measured

along the ordered UTR exon blocks. The mapping procedure therefore traverses
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the corresponding utr5 or utr3 blocks in transcriptional order, cumulatively sub-
tracting exon lengths until the block containing the requested offset is identified.
Once the correct UTR exon block has been located, the exact genomic nucleotide
is recovered within that block in a strand-aware manner.

When the input coordinate corresponds to an intronic UTR position (e.g.,
c.-N4M or c.*N+M), the mapping is performed in two consecutive steps. First,
the exonic anchor associated with NV is resolved exactly as for an exonic UTR
coordinate, thus identifying the UTR exon boundary to which the HGV'S notation
refers. Second, the intronic displacement M is applied relative to that exon edge,
following transcript orientation and strand. In this way, the genomic position is not
derived from a direct CDS-relative offset, but from a combination of (i) transcript-
spliced localization of the UTR anchor and (ii) local intronic displacement from
the appropriate exon boundary.

Importantly, this revised logic also extends reference-allele validation to UTR
coordinates. Once the genomic position has been reconstructed, the reference
nucleotide specified in the input is checked against the corresponding base in the
reference genome assembly. Thus, the method does not only recover the correct
genomic locus for a UTR coordinate, but also validates whether the submitted
HGVS expression is consistent with the underlying assembly sequence.

Through all these modifications, the transcript model evolved from a CDS-
relative coordinate system into a structure-aware representation that explicitly
incorporates segmented UTR exons. UTR variants are now correctly distinguished
from intronic regions, and their numbering follows HGVS rules by counting along
the spliced transcript rather than across genomic intervals.

As a result, both genomic-to-transcript and transcript-to-genomic projections
are now consistent, strand-aware, and fully compliant with canonical UTR notation
for both exonic and intronic variants.

The new UTR-aware bidirectional variant validation is summarized in Figure

3.9.
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Figure 3.9: UTR-aware bidirectional mapping workflow. The revised imple-
mentation relies on explicit storage of segmented UTR exon blocks. Both genomic-
to-transcript (g—c) and transcript-to-genomic (c—g) projections distinguish ex-
onic and intronic UTR variants. Transcript offsets are computed cumulatively
along ordered UTR exons, while intronic displacements are applied relative to
exon boundaries in a strand-aware manner.

3.2.4 rsID validation integration

A relevant limitation of the original TransVar implementation concerns the ac-
cepted input formats. In particular, TransVar does not support dbSNP identifiers
(rsID) as direct input. The tool can only processes genomic variants expressed
either in HGVS genomic notation (g.) or in VCF-like format, through the ganno

command whose workflow has been described in Par. 3.2.2.1.
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However, in clinical and research practice, variants are frequently referenced
by their dbSNP identifiers (e.g., rsIDs), which represent stable and widely used
accession numbers in public databases.

To overcome this issue, an initial strategy was designed to dynamically retrieve
the corresponding genomic coordinates starting from a provided rsID. The under-
lying idea was to query the official dbSNP VCF files (hg19 and hg38 builds), saved
in the internal TransVar database, and extract the matching VCF genomic record,
which could then be reformatted and passed as input to the ganno workflow. This
extraction step was implemented using standard command-line tools such as grep
and bcftools, which allow filtering and querying large VCF files.

Although conceptually straightforward, this approach proved to be computa-
tionally inefficient. The dbSNP VCF files for GRCh37 and GRCh38 are extremely
large, containing hundreds of millions of variants and occupying several gigabytes
of disk space. Even when indexed and queried with optimized tools, each rsID
lookup requires scanning large portions of the file. As a consequence, the time
elapsed between rsID submission and retrieval of the corresponding genomic vari-
ant may reach several minutes. This latency significantly affects the usability of
the Variant Validator pipeline, especially in contexts requiring multiple or iterative
queries.

To overcome computational inefficiency, a preprocessing and database integra-
tion strategy was designed. Instead of querying the full dbSNP VCF at runtime, all
rsIDs and their corresponding genomic coordinates were pre-extracted and stored
in a NoSQL database, enabling constant-time lookup operations.

The adopted solution relies on the integration of structured JSON documents
into Amazon DocumentDB [53], a fully managed, MongoDB-compatible NoSQL
document database service provided by Amazon Web Services (AWS). Docu-
mentDB stores data as flexible JSON-like documents within collections and sup-
ports indexed queries for low-latency data retrieval.

Unlike relational databases, DocumentDB does not require a fixed schema and
can support dynamic and heterogeneous data. Each record is stored as an indepen-
dent document, making this model particularly suitable for representing variant
records, where each rsID may be associated with multiple genomic representations
(e.g., GRCh37 and/or GRCh38 coordinates).
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The integration of genomic mappings derived from the complete dbSNP VCF
files (GRCh37 and GRCh38 builds) follows a structured preprocessing pipeline:

1. Chromosome-level splitting of dbSNP VCF files
The original dbSNP VCF files for GRCh37 and GRCh38 are extremely large

and computationally expensive to process as single units. Therefore, each

file was split by chromosome.

This operation produced two VCF files (hgl9 and hg38) for each chromo-
some, resulting in a total of 25 chromosome-specific VCF pairs (22 auto-

somes, chromosome X, chromosome Y and mitochondrial chromosome).

Splitting the files enabled parallel and memory-efficient processing of smaller

and more manageable datasets.

2. Generation of chromosome-specific JSON files

For each chromosome-specific VCF file, a custom Python script was exe-
cuted in order to extract and restructure the relevant information. The
script iterates over all rsID entries contained in the VCF file, retrieves the
corresponding genomic coordinates, and converts them into standardized
HGVS genomic notation (g.). For each rsID, the genomic representation(s)
both relative to the GRCh37 assembly and GRCh38 assembly are collected
when available. The extracted information are then organized into structured
JSON documents that associate each rsID with its genome-build-specific

HGVS genomic variants.

For each chromosome, a JSON file was generated containing rsID-to-genomic

mappings, as shown in Figure 3.10.

The genomic variants are expressed using chromosome-based HGV'S notation
(e.g., chrY:g.3631610A>T). Both genome builds may be present for a given
rsID, enabling build-aware resolution at query time. Each line of the file
corresponds to a single document that is subsequently imported into the
DocumentDB collection. Each JSON file therefore represents a complete

rsID-to-genomic mapping dataset for a specific chromosome.

3. Loading JSON files into a single DocumentDB collection
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"rs180808802", "37": ["chry:g.3531610A>T"], "38": ["chrY:g.37535694>T"]1}
"rs1000886288", "37": ["chrY:g.83152456>C"], "38": ["chrY:g.84472046>C"]}
"rs1008081872", "37": ["chrY:g.178914648C>A"], "38": ["chr¥:g.157797&8C>A"]1}
"rs1008081998", "37": ["chrY:g.18136039C>T"], "38": ["chr¥:g.16824159C>T"]1}
"rs1B08082355", "37": ["chrY:g.194267726=A"], "38": ["chrY:g9.173148926>A"]}
"rs1008082676", "37": ["chrY:g.8485307A>6"], "38": ["chrY:g.8617266A>6"]1}
"rs1008082837", "37": ["chry:g.8128161A>C"], "38": ["chr¥:g.82681284>C"]1}

Figure 3.10: Example of chromosome-specific JSON records generated
from dbSNP VCF files. Each line corresponds to a single JSON document
containing an rsID (field "rs") and its associated genomic HGVS representa-

tions

for the GRCh37 (field "37") and GRCh38 (field "38") genome assemblies.

The genomic variants are expressed in chromosome-based HGVS notation (e.g.,

chrY:

g.3631610A>T). Both genome builds may be present for a given rsID, en-

abling build-aware resolution during query execution.

The 25 generated JSON files were subsequently imported into a single Ama-
zon DocumentDB collection. Although the records were produced from
chromosome-specific VCF files during the preprocessing phase, they were

ultimately aggregated into a unified dataset within the database.

From the perspective of DocumentDB, the chromosomal origin of each record
is not relevant at query time. All rsID documents coexist within the same
collection and are accessed through queries performed exclusively on the rsid
field. By creating an index on this key, the database enables highly efficient
lookup operations, with near constant-time retrieval performance (not up to

one second) regardless of the original chromosome of the variant.

This procedure eliminates the need for runtime parsing and scanning of large
dbSNP VCF files. Instead of repeatedly interrogating large variant datasets,
rsID resolution is reduced to a direct database query. As a result, query
latency is significantly reduced and the system becomes scalable to millions

of rsID lookups without performance degradation.

Furthermore, the integration is fully compatible with the existing ganno
workflow. When an rsID is provided as input, the system performs a lookup
in the DocumentDB collection, retrieves the corresponding genomic HGVS
representation for the requested genome build (GRCh37 or GRCh38), and
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forwards the extracted genomic variant directly to the Variant Validator

pipeline.

This boosted Variant Validation module, built upon TransVar, has been named

Variant Validator and will be referred to as such in the following chapters.
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Chapter 4

Validation and benchmarking

4.1 Validation datasets and strategy

The aim of this chapter is to systematically evaluate the Variant Validator, com-
paring the behavior of the original TransVar implementation with the modified and
extended version developed and discussed in the previous chapter. The differences
assessed are the coordinate projection, HGVS compliance, and transcript-level
mapping, with particular attention to edge cases such as UTR variants.

To ensure a fair and reproducible comparison, both tool versions were executed

on the same curated reference datasets.

4.1.1 Benchmark datasets

Two independent datasets were selected to perform the validation analyses.

The first dataset consists of variants derived from the ClinVitae database, in-
cluding all entries released up to 2017 [55]. ClinVitae is a publicly available repos-
itory collecting clinically observed genetic variants both benign and pathogenic.
The database aggregates curated variant interpretations performed by clinical ex-
perts, from multiple public resources, including ClinVar [56].

Each record includes genomic coordinates (in VCF-like format).

This dataset was selected for benchmarking purposes because of its hetero-
geneity of variant types, since it includes single nucleotide variants, insertions,

deletions, delins and duplications.
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This dataset was specifically used to evaluate the forward validation workflow
starting from genomic VCF input described in Par. 3.2.2.1. The comparison
focused on the mapping results produced by TransVar and the Variant Validator
with respect to gene and transcript assignment and c./p. mappings, and these
outputs were systematically compared against the annotations generated by the
SnpEff annotation tool. A detailed overview of SnpEff has been provided in Par.
2.3.1.

The Clinvitae dataset contains a total of 14,287 variants. All validation analy-
ses were performed using the GRCh37 reference genome assembly. For transcript
annotation, both RefSeq and Ensembl transcript databases were employed.

The second benchmark dataset consists of 2,001 enGenome internal manually
curated variants formatted as structured records containing multiple possible an-
notation fields, including gene symbol, transcript accession, rsID, c., p. and mitho-
condrial genomic-level HGVS (m.). Each entry may contain different combinations

of populated fields. Representative examples are shown in Figure 4.1.

C
¢ yyry. ¢ ) ¢ 2r. CCHH ¢ )ry. ¢ )
: , : , _c’: . ,
{¢‘gene CFTR rs hgvs_c c.220C>T
‘‘hgvs_p’’: ‘‘p.Arg74Trp’’, ‘‘hgvs_m’’: ‘<7’
‘‘genomic_coord’’: ¢‘’’, ‘‘tramscript’: ‘¢’’},
{llgene7;. C¢CARID1A’’, ‘frg??: ¢ ”thS crr.
: , : , _c’: ,
‘‘hgvs_p’’: ‘‘p.Thr294ProfsTer69’’, ‘‘hgvs_m’: ‘77,
gvs_p p g
¢ 3 2r. €CCHH ¢ 3 >r. o
- : ) : ,
¢ ‘genomic_coord transcript }
{“‘gene’’: “CATM’’, “‘rs’’: <27, ‘‘hgvs_c’’: ‘‘c.241A>G’’
. ) . ) - . N 2
‘‘hgvs_p’’: ‘‘p.Asn81Asp’’, ‘‘hgvs_m’’: ‘77,
‘‘genomic_coord’’: ‘¢’’, ‘‘transcript’’: ‘‘NM_000051.4°’},
{“‘gene’’: ¢‘MT-TK’’, ‘‘rs’’: ¢“?°  “‘hgvs_c’’: “¢77,
‘‘hgvs_p’’: “¢’?, ‘‘hgvs_m’’: ‘‘m.8344A>G’’,
‘‘genomic_coord’’: ‘¢’’, ‘‘tramscript’’: ‘‘’’}
]

Figure 4.1: Example of structured variant records used in the second
benchmark dataset. Each entry represents a single variant encoded as a struc-
tured record with multiple optional field. Different combinations of populated
fields allow validation of multiple TransVar workflows (g. — ¢./p., ¢. = g./p., and

p. = g./c.).
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Unlike the ClinVitae dataset, which was exclusively used to benchmark genomic-
driven validation (g. — c./p.), this second dataset was designed to also validate
the additional input modalities supported by TransVar. Because entries may con-
tain c., p., gene-based, transcript-based, or rsID-based information, they allow
systematic testing of all supported projection workflows.

For each of the 2,001 variants, both TransVar and the Variant Validator were
executed, and the resulting g./c./p. annotations were collected. The outputs were
then compared against the annotations produced by VEP. Unlike SnpEff, which
primarily operates on VCF-like genomic inputs, VEP supports flexible HGVS-
based inputs at coding and protein levels, making it suitable for benchmarking
non-VCF variant representations. A detailed description of VEP and its validation

framework has been provided in Par. 2.3.1.

4.1.2 Evaluation workflow

In order to quantitatively compare the original TransVar and the Variant Validator
implementations, a structured mismatch classification strategy was defined for each
benchmark dataset. The goal was not only to measure concordance rates, but also
to categorize discrepancies according to their biological and validation impact.
Detailed results are presented in the following sections together with graphical

summaries.

ClinVitae dataset (VCF-driven workflow). For the ClinVitae benchmark,
the analysis focused exclusively on genomic-driven validation starting from VCF
input. The complete set of 14,287 variants was processed in batch mode by
both TransVar and SnpEff, which returned, for each input variant, the associated
gene(s), overlapping transcript(s), and corresponding c./p. HGVS representations
together with predicted effects.

The mismatch classification was performed hierarchically:

1. output generation: first, it was verified whether the tools produced at least
one validation record for each VCF input. Variants that did not produce an

output were analyzed separately;
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2. top-level concordance: for variants with non-null output in both tools, con-
cordance was first evaluated for core genomic attributes, namely chromosome

and gene assignment;

3. transcript concordance: the set of transcripts reported by each tool was
compared, quantifying how many transcript identifiers were shared or tool-

specific;

4. validation-level concordance: on the subset of transcripts common to both
TransVar and SnpEff, concordance was assessed at multiple levels: predicted

functional effect and HGVS representations at c¢. and p. levels.

Second benchmark dataset (multi-input workflow). The second dataset
required a different classification strategy due to the heterogeneous structure of the
input records. Each variant could contain different combinations of gene symbol,
transcript accession, rsID, c., p., or mitochondrial HGVS (m.).

To generate valid queries for TransVar, a prioritization logic was applied to
determine the most informative combination of fields to be used as input. When
both gene symbol and transcript accession were available, the transcript identifier
was preferred as the primary prefix, since transcript-based queries allow a more
precise coordinate projection.

Similarly, when both c¢. and p. HGVS descriptions were present, the coding
representation was prioritized. In cases where only the gene symbol was avail-
able as prefix, the workflow attempted to identify the transcript whose coding
coordinate produced the provided protein consequence.

The rsID field was used only as a fallback identifier when no gene, transcript,
or HGVS-based coordinates were available. This strategy ensured that the most
specific and informative identifiers were used whenever possible while still allowing
validation of records with incomplete annotation fields.

The mismatch analysis followed two main steps:

1. output generation: for each generated query, it was necessary to first deter-
mine whether TransVar returned a non-null validation. Null outputs were

classified separately to capture resolution failures;
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2. cross-tool concordance: for variants with non-null outputs, the retrieved in-
formation (gene, transcript, c., p., m. and rsID) were compared between
TransVar and VEP. Discrepancies were categorized according to the level
at which disagreement occurred (gene symbol, transcripts, coordinate pro-
jection, or HGVS representation). The detailed discussion of this cross-tool
concordance analysis is deferred to Par. 5.2.2, where the same dataset is

considered within a real-world application setting.

4.2 TransVar performance analysis

In this section, the baseline performance of the original TransVar implementation
is evaluated on both benchmark datasets described in Par. 4.1.1. The ClinVitae
dataset is used to assess the genomic-driven workflow (g. — c¢./p.), comparing
TransVar outputs against annotations generated by SnpEff. It is important to
note that SnpEff is not considered a ground truth reference; rather, it is used as a
consistent comparative baseline to identify and systematically analyze differences
in annotation behavior between tools.

The second dataset is employed to evaluate multi-input workflows (c., p., gene-
and rsID-based), using VEP as reference tool.

This dual benchmarking strategy allows evaluation of TransVar behavior across
complementary scenarios, covering both VCF-based genomic validation and HGV'S-

driven cross-level projections.

Clinvitae dataset performance analysis As a first step, the original TransVar
implementation was evaluated using the ClinVitae dataset.

Among the total of 14,287 input variants, 14,283 produced at least one valida-
tion record in the TransVar output, while 4 variants did not produce output. In
contrast, these same 4 variants were successfully validated by SnpEff.

A closer inspection revealed that all four cases belonged to the upstream_gene_-
variant category (Figure 4.2). These variants are located upstream of the tran-
scription start site (TSS) of the affected transcripts. Although they may still fall
within the broader genomic locus of the gene, they do not overlap any transcript-

defined region.
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This discrepancy reflects a fundamental difference between the annotation
strategies adopted by the TransVar and SnpEff. TransVar follows a strictly transcript-
centric approach: as explained in Par. 3.2.1, its internal .transvardb structure
is organized around transcript models and stores only regions explicitly defined
within transcripts (e.g., transcript span, exons, CDS, UTR). As a consequence,
only variants overlapping these features can be projected across representation lev-
els. Variants falling outside transcript boundaries cannot be mapped and therefore
result in null output.

In contrast, SnpEff adopts a gene-level annotation strategy and can classify
variants relative to gene context (e.g., upstream or downstream), even in the ab-

sence of direct overlap with transcript-defined regions.

1:24194788:A:G
X:33357592:T:C
X:33357839:T:G
X:33358200:G: A

Figure 4.2: Upstream variants with no TransVar output. The four VCF
entries that did not produce any validation in TransVar.

To support a systematic benchmarking of TransVar against SnpEff, a unified
comparison output was generated in JSON format. For each VCF input variant,
TransVar and SnpEff were compared record-by-record by using a unique variant
identifier (KEY), defined as CHR:POS:REF: ALT. The resulting comparison file stores,
for each KEY, (i) whether the variant is present in the output of each tool; (ii) a
comparison of top-level fields; and (iii) a transcript-level comparison structured by
transcript presence and fields concordance (iv).

At the top level, the JSON reports a presence block indicating whether the
variant was validated by each tool, and a top_fields block containing match/mis-
match labels for core genomic attributes (chromosome and gene identifiers). At
transcript level, transcript identifiers are divided into three groups: transcripts
found only in TransVar, transcripts found only in SnpEff and transcripts shared
by both. For shared transcripts, field-wise comparisons were stored for effect,
hgvs_c and hgvs_p, each labeled as MATCH or MISMATCH.

The structure for a representative variant can be seen in Figure 4.3.
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{
"KEY": "10:100177309:G:A",
"presence": {"TransVar": true, "SnpEff": true},
"top_fields": {
"CHR": {"status": "MATCH", "TransVar": "10", "SnpEff": "10"},
"GENE": {"status": "MATCH", "TransVar": "HPS1", "SnpEff": "HPS1"}
1,
"transcripts": {
"only_in_TransVar": [],
"only_in_SnpEff": [],
"both": {
"ENST00000325103": {
"effect": {"status": "MATCH",
"TransVar": "3-UTRSNV",
"SnpEff": "3_prime_UTR_variant"},
"hgvs_c": {"status": "MATCH",
"TransVar": "c.x12C>T",
"SnpEff": "c.*12C>T"},
"hgvs_p": {"status": "MATCH",
"TransVar": null,
"SnpEff": null}
}
}
}
}

Figure 4.3: Example structure of a single entry in the comparison
TransVar vs SnpEff output file. Each record is identified by CHR:P0OS:REF : ALT
and reports: (i) tool output generation, (ii) top-level field concordance, and (iii)
transcript-level comparison grouped into transcripts found only by one tool or
shared by both. For shared transcripts, field-wise match /mismatch labels are pro-
vided for effect and HGVS projections (iv).
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Top-level comparisons on CHR and GENE did not produce any mismatches across
the entire ClinVitae benchmark.

After verifying top-level consistency, the analysis was moved to transcript-level
outputs. Generally, a single VCF variant may overlap multiple isoforms, and both
TransVar and SnpEff may return several transcript-specific annotations for the
same genomic event.

For this reason, the first step of the low-level benchmarking focuses on tran-
script presence rather than the validation content. In this phase, the objective is
to quantify whether the two tools select the same set of transcript identifiers for
each input variant, independently of whether downstream fields (effect, HGVS c.
and p.) are concordant.

To compute a global overview, transcript lists returned for each variant were ex-
tracted from the JSON comparison output and grouped according to the transcripts
section. Transcript identifiers were classified into three mutually exclusive cate-

gories:

e MATCH: transcripts reported by both tools;
e MISMATCH_TRANSVAR: transcripts reported only by TransVar;

e MISMATCH_SNPEFF: transcripts reported only by SnpEff.

Counts were then aggregated across all ClinVitae variants by summing tran-
script occurrences in each category.

A total of 234,128 transcript annotations were evaluated across the ClinVi-
tae benchmark dataset. Among these, 220,847 transcripts were shared between
TransVar and SnpEff, 12,919 were reported only by TransVar, and 362 were re-
ported exclusively by SnpEff (Figure 4.4).

While the majority of transcript annotations are shared between tools, two
asymmetric mismatch classes emerge. Particular attention was devoted to the 362
transcripts detected exclusively by SnpEff and absent from TransVar output.

A detailed inspection revealed that all transcripts belonging to the MISMATCH_-
SNPEFF category originated from the Ensembl GTF database. This observation

suggested that the discrepancy was not caused by validation logic at projection
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Transcripts: Matches and Mismatches
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Figure 4.4: Transcript-level overlap between TransVar and SnpEff across
the ClinVitae benchmark. The bars represent the total number of tran-
script annotations classified as shared between tools (MATCH), reported only by
TransVar (MISMATCH_TRANSVAR), or reported only by SnpEff (MISMATCH._-
SNPEFF).

level, but rather by differences in transcript database parsing during TransVar
preprocessing.

An illustrative example is transcript ENST00000524880, which is reported by
SnpEff but absent from TransVar internal database. Inspection of the original
Ensembl hg19 GTF file showed that the transcript was correctly present in the ref-
erence annotation. However, during TransVar preprocessing, transcripts were in-
dexed using gene_id as the primary key. In cases where multiple Ensembl gene_-
id values are associated with the same biological gene (i.e., identical gene_name),
transcripts may be partitioned across distinct internal objects. As a consequence,
only transcripts associated with the first encountered gene_id were retained, while
those belonging to alternative gene_id entries under the same gene_name were
discarded.

This behavior effectively fragmented transcripts belonging to the same gene
across separate internal representations and can led to complete loss of specific
isoforms. The issue therefore did not reflect a biological disagreement between

tools, but a structural limitation in the GTF parsing strategy.
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To address this problem, the parsing logic was revised to use gene_name as
the primary grouping key rather than gene_id. This modification ensures that
transcripts associated with different Ensembl gene_id values but sharing the same
gene_name are consolidated under a single gene entity. Additionally, only tran-
scripts mapped to official genomic assemblies (NC and MT accessions) were re-

tained, ensuring consistency and avoiding redundancy.

The second category of mismatches, comprising 12,919 transcripts reported
only by TransVar, was also investigated. These cases were primarily attributable
to transcript biotypes retained in the TransVar Ensembl database but not reported
by SnpEff. Specifically, transcripts annotated as retained_intron and nonsense_-
mediated_decay were included in the TransVar internal . transvardb files but were
not consistently returned by the SnpEff pipeline.

Therefore, the observed MISMATCH_TRANSVAR class largely reflects differ-
ences in transcript biotype inclusion policies rather than projection errors.

After characterizing transcript overlap, the benchmarking was extended to eval-
uate validation concordance within the set of shared transcripts. In this step, the
analysis were restricted to transcript identifiers present in the both group of the
JSON comparison output, and concordance was assessed independently for three
transcript-level information: effect, hgvs_c, and hgvs_p. Each shared transcript
contributes one comparison event per field, resulting in a total of 220,847 evalua-
tions for each field across the ClinVitae benchmark.

The resulting match/mismatch distribution per field is shown in Figure 4.5.

It is important to emphasize that mismatches in the effect field must be
interpreted cautiously. SnpEff employs a more granular consequence ontology than
TransVar, and several apparent discrepancies arise from differences in terminology
or resolution rather than from true biological disagreement. For the purposes
of this benchmarking, strict lexical identity of effect labels was not considered a
primary accuracy criterion. To improve comparability, a mapping between the two
consequence ontologies was introduced, allowing harmonization of effect categories
and reducing discrepancies due to annotation granularity.

Instead, HGVS coordinate projections (hgvs_c and hgvs_p), which provide

a standardized and structurally explicit representation of the variant relative to
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Figure 4.5: Field-level concordance for transcripts shared between
TransVar and SnpEff. For each transcript identifier reported by both tools, the
figure shows the number of MATCH and MISMATCH outcomes for the fields effect,
hgvs_c, and hgvs_p.

the transcript model, constitute the central measure of projection correctness.
Accordingly, the subsequent analysis focuses primarily on these two HGVS-level

discrepancies.

Interpretation of hgvs_c mismatch categories

Coding-level mismatches (hgvs_c) observed among shared transcripts were strat-

ified into four principal categories:

e transvar_only: this category includes all cases in which TransVar reports a
transcript-relative coding representation, while SnpEff returns a null value
for the same transcript. These mismatches occur for non-coding transcripts.
As said in the Par. 3.2.3, TransVar supports the validation of non protein-
coding transcripts (n. notation) even though it miscorrectly uses the c.
prefix. However, SnpEff restricts its validation workflow only to protein-
coding transcripts. Therefore, this class reflects differences only for this

specific transcript biotype;

86



Validation and benchmarking

e different_position: this category captures cases in which both tools report a
coding-level HGVS string, but the primary numeric coordinate differs. These
discrepancies mainly involve variants located in the 5’ untranslated regions.
As discussed in the Par. 3.2.3, UTR variants are mapped incorrectly by the
original TransVar implementation and the resulting HGVS c. notations are

not compliant with canonical HGVS rules;

e UTR_vs_Intronic: this class includes mismatches in which one tool assigns
the variant to an intronic coordinate format (using “4” offsets from exon
boundaries), while the other expresses it using UTR-specific notation (e.g.,
“*” numbering for the 3’'UTR).

Importantly, both Different_position and UTR_vs_Intronic stem from
the same underlying issue: differences in UTR-aware mapping, both for 5’
and 3’;

e other_difference: residual mismatches not falling into the previous categories
were grouped under this class. Most cases correspond to INDEL variants for
which the two tools differ in representational granularity. While positional
interpretation is indeed concordant, TransVar and SnpEff encode the altered
sequence with different levels of explicit detail. These discrepancies therefore

reflect differences in HGVS reporting style rather than projection errors.

Representative examples of variant mismatches for each category are reported
in Table 4.1.

The distribution of coding-level mismatch categories is summarized in Fig-
ure 4.6, while Figure 4.7 further stratifies the same categories according to tran-

script database origin (Ensembl versus RefSeq).

Interpretation of hgvs_p mismatch categories

Protein-level mismatches (hgvs_p) observed among shared transcripts were strat-

ified into four principal categories:

e transvar_only: This category includes cases in which TransVar reports a

protein-level HGVS representation while SnpEff returns a null value;
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Figure 4.6: Global distribution of TransVar vs SnpEff HGVS_c mismatch
categories. The bar plot reports the total number of coding-level mismatches clas-
sified into the categories Transvar_only, Different_position, Other_difference and
UTR_vs_Intronic The majority of discrepancies are attributable either to transcript
biotype handling differences (Transvar_only) or to projection-level differences in-
volving UTR coordinate mapping.
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Figure 4.7: TransVar vs SnpEff HGVS_c mismatch categories stratified
by transcript database (Ensembl vs RefSeq). Each bar is subsplit to show
the contribution of Ensembl and RefSeq transcripts within each mismatch cate-
gory. Percentages indicate the relative contribution of each database within the
respective category.
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Category Input Transcript TransVar (c.) SnpEff (c.)
(VCF)

Transvar_only 10:103372 NR_136613.2 c.1380T>C null
126:A:G

Different_position 10:896929 NM_001304718.2 c¢.1-19053dupA c.-346dupA
20:T:TA

UTR_vs_Intronic 10:100177 NM_000195.5 €.2103+12C>T c.*x12C>T
309:G:A

Other_difference  12:494163 NM_003482.4 c.16306_16322del c.16306_16322del
88:TTTCTC insC GCCAACCGGCGGGAGA
CCGCCGGT AinsC
TGGC: TG

Table 4.1: Examples of TransVar vs SnpEff HGVS_c mismatch categories.
For each category, the genomic input (VCF), transcript accession, and correspond-
ing HGVS_c strings reported by TransVar and SnpEff are shown.

e SnpEff only: This category includes cases in which SnpEff reports a protein-
level consequence while TransVar returns a null hgvs_p. A detailed inspec-
tion revealed that these mismatches predominantly involve variants classified

as SpliceDonorDeletion or Splice AcceptorDeletion.

In the original TransVar implementation, deletions affecting canonical splice
sites were filtered out at protein level due to an internal logic block that

suppressed hgvs_p generation for splice-loss events.

The underlying rationale was to avoid generating protein-level predictions in
cases where disruption of splicing may lead to multiple alternative transcript
outcomes (e.g., exon skipping, intron retention, or activation of cryptic splice
sites). Because these events can produce different mRNA isoforms, the re-
sulting protein product cannot be uniquely determined, and any single HGVS

protein representation would therefore be inherently ambiguous.

However, this conservative approach resulted in systematic absence of protein-
level annotations even when the variant satisfied two critical conditions: (i)
both breakpoints were located within exon regions; and (ii) the variant fell
entirely within the annotated CDS. In such cases, the coding consequence is

in fact determinable under the reference transcript model.
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To address this limitation, the splice-related suppression logic was revised.
The updated implementation now allows hgvs_p computation for splice-site
variants whenever the affected region is exonic and contained within the CDS.
As a result, variants impacting splice donor or acceptor sites but structurally
confined to coding exons can now generate a consistent protein-level HGVS

annotation.

different_position: This category captures cases in which both tools report
a protein-level HGVS string, but the amino acid position differs. A detailed
inspection revealed that the vast majority of transcripts belonging to this
class are characterized by incomplete coding sequences (CDS), either at the
5" end, the 3’ end, or both.

An incomplete CDS indicates that the annotated transcript does not contain
a fully defined coding region, meaning that the start codon and/or the stop
codon are missing or not reliably annotated within the reference assembly.
As a consequence, the resulting protein sequence is not anchored to a stable

and biologically complete reference.

When the CDS is incomplete at the 5" end, the N-terminal portion of the
protein may be truncated or undefined; when incomplete at the 3’ end, the
annotated stop codon may be missing or shifted. In both situations, the
inferred protein sequence becomes unstable and may differ between tools

depending on how these incomplete boundaries are handled.

This structural instability propagates directly to amino acid numbering, lead-
ing to systematic shifts in reported positions even when the underlying ge-
nomic variant is identical. Importantly, CDS boundary incompleteness does
not affect only the protein-level projection (hgvs_p), but also influences the
coding-level coordinate system (hgvs_c) and, indirectly, the genomic projec-

tion (hgvs_g).

Therefore, most Different_position mismatches at protein level (but also
at cDNA level) are not caused by erroneous variant projection, but by these
inconsistencies in CDS boundary completeness. This phenomenon is partic-

ularly prevalent among Ensembl transcripts, where partial CDS annotations
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(5" and/or 3’ incomplete coding sequences) are more frequently observed

compared to RefSeq entries.

To address this issue, CDS completeness flags were extracted from the En-
sembl GTF annotation files (specifically the cds_start_NF and cds_end_NF
attributes). These flags indicate whether the coding sequence is incomplete
at the 5" or 3’ end. Such information was incorporated into the transcript
preprocessing step so that, whenever a transcript with incomplete CDS is val-
idated (in any of the three supported TransVar workflows: g—c/p, c—g/p,
or p—g/c), a dedicated flag is emitted to explicitly indicate CDS boundary
incompleteness. This allows downstream interpretation of protein-level mis-
matches to distinguish true projection discrepancies from artifacts related to

incomplete transcript models.

other_difference: The remaining mismatches were grouped under this cate-
gory. The majority of these cases correspond to frameshift variants. In such
events, TransVar produces a fully HGVS-compliant protein-level description,
explicitly reporting both the frameshift and the position of the newly gener-
ated termination codon, including the number of amino acids formed before
the new stop signal. In contrast, SnpEff reports only a simplified frameshift
label indicating “fs” without specifying the position of the newly formed

terminator codon.

Representative examples of variant mismatches for these categories are shown
in Table 4.2.

The distribution of protein-level mismatch categories is defined in Figure 4.8,

while Figure 4.9 stratifies the same categories according to transcript database

origin (Ensembl versus RefSeq).

Second benchmark dataset performance analysis The baseline behavior

of the original TransVar implementation was next evaluated on the second bench-

mark dataset, which comprises 2,001 structured variant records and supports het-

erogeneous input modalities. In this setting, TransVar outputs were systematically

compared against annotations generated by the Ensembl Variant Effect Predictor
(VEP), which serves as the reference tool for HGVS-based input handling.
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Figure 4.8: Global distribution of TransVar vs SnpEff HGVS_p mismatch
categories. Total number of protein-level mismatches classified as Transvar.-
only, Different_position, Other_difference, and SnpEff only. Most discrepancies
are frameshift representation differences (Other_difference) and CDS boundary
incompleteness affecting amino acid numbering ( Different_position).
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Figure 4.9: TransVar vs SnpEff HGVS_p mismatch categories stratified
by transcript database (Ensembl vs Refseq). Stacked bars show the relative
contribution of Ensembl and RefSeq transcripts within each mismatch category.
Different_position mismatches are enriched in Ensembl transcripts, consistent with
the higher prevalence of incomplete CDS annotations.
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Category Input Transcript TransVar (p.) SnpEff (p.)
(VCF)

Transvar_only 12:523075 ENST00000388922 p.D176Tfs*82 null
50:TG:T

Different_position 10:1214 ENST00000450186 p.A102dup p-A101dup
29647:A:
AGCG

SnpEff_only 11:318114 ENST00000379111 null p.*423L
83:T:A

Other_difference  10:897208 ENST00000371953 p.T319Kfs*24 p.T319Kfs
04:ACTTT:
A

Table 4.2: Examples of TransVar vs SnpEff HGVS_p mismatch cate-
gories. For each mismatch class, the genomic input (VCF), transcript accession,
and corresponding protein-level HGVS strings reported by TransVar and SnpEff
are shown.

Since each record may contain multiple annotation fields (e.g., gene symbol,
transcript accession, rsID, HGVS c./p./m., or genomic coordinates), a single query
was generated for each entry according to the prioritization logic described in
Par. 4.1.2. This strategy selects the most informative available representation to
construct a valid TransVar query, ensuring consistent and reproducible validation
across the entire dataset.

A primary outcome of this analysis was the identification of a systematic lim-
itation affecting untranslated region (UTR) variants. In particular, these UTR
events were provided in this second benchmark as coding-level HGVS expressions
(c.). VEP consistently returned a valid cross-level projection (c. <» g.) under the
selected transcript model, whereas the original TransVar implementation failed to
resolve the variant and returned null outputs.

Across the full benchmark, a total of 60 UTR-related queries produced null out-
put in TransVar despite being successfully resolved by VEP, all of which concerned
the cDNA notation.

In addition to these UTR-specific failures, 45 further cases resulted in null
output in both TransVar and VEP. Importantly, these shared null outputs did not
concern UTR variants, but spanned different categories. Because the failure is

reproduced by the external reference tool, these instances were further analyzed
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and later interpreted as input-level resolution failures (e.g., insufficiently specified
transcript context, inconsistent HGVS strings, or records not mappable to the
selected reference annotation), rather than as projection errors attributable to
TransVar.

To clarify the interpretation of null outputs, two situations have been distin-
guished. Cases in which TransVar returned a null output while VEP successfully
resolved the variant and produced a genomic projection have been defined as false
negatives (FN) Conversely, true negatives (TN) correspond to cases in which both
tools returned null outputs, indicating that the query could not be resolved given
the available input information.

Representative examples of both situations are shown in Table 4.3.

Category Input VEP output (g.) TransVar output
()
False Negative ARMC5:c.-232A>C chr16:g.31470614A>C null
False Negative ATRIP:c.*1329_x1375d chr3:g.48508282_48508 null
el 328del
False Negative NM_001377265.1:c.-1 chri7:g.44019712G>A null
7-19975G>A
False Negative DYNC2LI1:c.*16-1362A chr2:g.440563163A>C null
>C
True Negative NBN:p.Ter745_splice null null

Table 4.3: Examples of TransVar vs SnpEff output classification in
the second benchmark dataset. False negatives correspond to cases where
TransVar fails to resolve the variant while VEP successfully returns a genomic
projection. True negatives represent queries that cannot be resolved by either
tool, typically due to incomplete or inconsistent input specifications.

4.3 Variant Validator performance analysis

Clinvitae dataset performance analysis Following the identification of the
main sources of discrepancies in the baseline analysis, the Variant Validator was
evaluated again using the same ClinVitae benchmark dataset. The comparison

workflow and evaluation strategy remained identical to the one described in the
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previous section in order to ensure direct comparability between the baseline and
the improved implementation.
Field-level concordance for transcripts shared between the Variant Validator

and SnpEff is shown in Figure 4.10.
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Figure 4.10: Field-level concordance for transcripts shared between the
Variant Validator and SnpEff. Match and mismatch counts for the fields
effect, hgvs_c, and hgvs_p considering transcripts shared between the Variant
Validator and SnpEff.

After confirming the consistency of transcript grouping, the analysis was again
focused on discrepancies involving HGVS coordinate projections. Both coding-
level (hgvs_c) and protein-level (hgvs_p) mismatches were therefore reclassified
using the same categories introduced in the baseline evaluation.

The updated distribution of cDNA mismatch categories is shown in Figure 4.11
while Figure 4.12 shows the stratification of those categories according to transcript
database origin.

A major improvement at the coding level concerns the UTR_vs_Intronic and
Different_position categories, which are now substantially reduced compared to
the TransVar baseline implementation. This confirms that the the revised coordi-
nate handling with UTR recognition described in Par. 3.2.3 successfully resolves
the incorrect projection of UTR variants that previously resulted in intronic-style
HGVS coordinates.
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Figure 4.11: Global distribution of the Variant Validator vs SnpEff
HGVS_c mismatch categories Distribution of coding-level mismatches between
the Variant Validator and SnpEff following the modifications introduced in the
transcript preprocessing and HGVS generation logic.
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Figure 4.12: Variant Validator vs SnpEff HGVS_c mismatch categories
stratified by transcript database (Ensembl vs RefSeq). The stacked bars
show the relative contribution of Ensembl and RefSeq transcripts within each
mismatch category. The remaining Different_position discrepancies are almost
exclusively associated with Ensembl transcripts characterized by incomplete CDS
annotations, while UTR-related mismatches are largely resolved.
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Furthermore, the Different_position category is now largely restricted to tran-
scripts originating from the Ensembl database that present incomplete CDS an-
notations. As discussed in Par. 4.2, incomplete CDS boundaries lead to unstable
reference coding sequences and consequently to shifts in transcript-relative coordi-
nate numbering. These mismatches therefore do not reflect projection errors but
rather structural inconsistencies in transcript models.

The Other_difference category also shows a substantial reduction compared to
the TransVar baseline implementation. This improvement results from modifica-
tions introduced in the HGVS generation logic for insertion and deletion events.
The Variant Validator implementation explicitly reports the deleted sequence in
the INDELS representation, aligning its output format more closely with the rep-
resentation adopted by SnpEff.

The few remaining discrepancies within this category correspond to alterna-
tive normalization choices for INDEL variants. In particular, the Variant Val-
idator and SnpEff may apply different left-alignment strategies when representing
equivalent sequence changes. These differences are largely cosmetic and remain
HGVS-compliant. Moreover, the Variant Validator internally reports both the
normalized (left-aligned) and the unaligned representations of the variant. As a
consequence, even in cases where the primary representation differs from SnpEff,
the alternative representation provided by the Variant Validator often corresponds
exactly to the HGVS string reported by SnpEff.

After evaluating the improvements at coding level, the analysis was extended
to protein-level annotations. The updated distribution of protein-level mismatch
categories is shown in Figure 4.13. Figure 4.14 further stratifies these categories
according to transcript database origin.

At protein level, the only category directly addressed by the modifications cor-
responds to the SnpFEff only class. As described in Section 4.2, these mismatches
originated from an internal filtering rule in the original TransVar implementation
that suppressed protein-level annotations for variants affecting canonical splice
sites.

The developed Variant Validator revises this logic by allowing protein-level
HGVS generation for splice-site variants whenever the affected region lies within

exonic coordinates and is contained within the CDS. As a result, splice-related
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Figure 4.13: Global distribution of the Variant Validator vs SnpEff
HGVS_p mismatch categories. The SnpFEff_only class is substantially reduced

relative to the baseline analysis due to the updated handling of splice-site variants
within coding regions.
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Figure 4.14: Variant Validator vs SnpEff HGVS_p mismatch categories
stratified by transcript database (Ensembl vs Refseq).
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variants that previously produced null protein annotations with TransVar now
generate consistent hgvs_p outputs, substantially reducing the SnpEff-only mis-
match category.

Most residual discrepancies involve frameshift variants, for which SnpEff often
reports simplified protein consequences, whereas the Variant Validator produces
fully HGVS-compliant annotations. Additional cases within the Different_position
category are largely associated with Ensembl transcripts characterized by incom-

plete CDS boundaries. Both cases have been explained in Section 4.2.

Second benchmark dataset performance analysis After implementing the
modifications to the c. — g. projection workflow described in Par. 3.2.3, the second
benchmark dataset was processed again using the developed Variant Validator.

The revised mapping strategy successfully resolved all previously identified
false negative cases. In particular, the improved handling of UTR coordinates
and transcript-aware projection logic allowed the Variant Validator to correctly
map coding-level HGVS expressions that previously produced null outputs. As a
result, all 60 UTR-related queries that were unresolved in the TransVar baseline
implementation are now projected to the correct genomic coordinates.

The only remaining 45 null outputs correspond to the previously identified true
negative cases, in which both the Variant Validator and VEP fail to resolve the
input query. As discussed in the previous section, these cases are attributable to
incomplete or inconsistent input information rather than limitations of the variant
projection framework.

A detailed analysis of cross-tool concordance between the Variant Validator
and VEP on the second benchmark dataset is presented in Chapter 5, where the
same benchmark is further examined in the context of a real-world application

scenario.
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Chapter 5

Application in a Real-World Use
Case: A variant validation

framework for VarChat

5.1 VarChat pipeline and possible integration of
the Variant Validator

The Variant Validator described and benchmarked in the previous chapters pro-
vides a robust framework for verifying and standardizing variant representations
across genomic, coding, and protein coordinate systems. Beyond ensuring HGV'S-
compliant notation and consistent coordinate projections, such functionality can
support applications designed to assist genomic variant interpretation.

One example is VarChat [57], a generative Al-based platform developed by
enGenome srl that enables users to retrieve and summarize the scientific literature
associated with a specific genetic variant. Through a conversational interface, users
can submit queries describing a variant using HGVS notation together with the
gene symbol or the transcript description (both Ensembl and RefSeq are allowed),
or alternatively by providing a dbSNP identifier or the VCF-format nomenclature.
VarChat then searches the biomedical literature and generates concise summaries
describing biological aspects and the clinical relevance of the queried variant, to-

gether with references to the most relevant and up-to-date scientific publications
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[58].

However, user-provided variant inputs may be incomplete or may even corre-
spond to non-existent variants because of semantic inaccuracies or biological in-
consistencies. In such cases, literature retrieval may become inefficient, potentially
leading to incorrect information reported in the variant summary.

To address this limitation, the variant validation framework developed in this
work can be integrated into the VarChat pipeline as a preprocessing step. The
Variant Validator first verifies the correctness of the user-provided variant repre-
sentation, preventing the system from initiating searches for invalid or biologically
inconsistent variants. Once a valid representation is confirmed, it also generates
the equivalent variant descriptions across different coordinate systems (genomic,
transcript, protein, and rsID).

By enriching the variant representation with additional standardized descrip-
tors, the system can formulate a greater number of precise literature search queries,
one for each description, thus improving both the efficiency of the retrieval process
and the relevance of the information returned.

The following section provides an overview of the actual VarChat platform and

its main components.
Overview of the VarChat Platform

An overview of the VarChat platform and its user interaction interface is shown
in Figure 5.1. The interaction begins when the user submits a query containing
a genetic variant expressed using HGVS nomenclature together with the corre-
sponding gene symbol, or alternatively a dbSNP identifier (A).

Once the query is received, VarChat processes the requested variant and searches
the biomedical literature for publications mentioning the variant (B—-C). Retrieved
articles are ranked according to relevance and used as contextual information to
generate a concise description of the variant and its potential biological or clinical
implications.

Alongside the generated summary, the platform displays the most relevant
references associated with the queried variant (D). When available, up to fifteen
publications are presented, sorted by relevance, with direct links to PubMed and

an indication of the total number of retrieved papers. Moreover, if the variant
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is present in ClinVar, the corresponding records with the associated condition,
clinical significance, and review status are provided.
Finally, VarChat provides a feedback mechanism that allows users to evaluate

the generated response through a rating system and optionally provide comments

(E).

Internal VarChat processing pipeline and possible integration of the
Variant Validator

The internal VarChat processing pipeline from user input to summary genera-
tion is illustrated in Figure 5.2.

The process begins with the user submitting a query containing a genomic
variant (Figure 5.2 A.). The input may include a gene symbol or a transcript
description together with a variant expressed using HGVS nomenclature, a dbSNP
identifier, or genomic coordinates. The query is then processed through a Named
Entity Recognition (NER) module (Figure 5.2 B.), which extracts the relevant
biological entities from the user prompt [59].

Once the relevant entities have been identified, the system attempts to stan-
dardize the variant representation and obtain additional annotations (Figure 5.2
C.). In the current VarChat implementation, this step relies on external valida-
tion services through API calls to the Ensembl Variant Effect Predictor (VEP).
Through this service, VarChat can compute standardized HGVS representations
or convert identifiers such as dbSNP IDs into equivalent variant descriptions.

VEP is a widely adopted tool for variant validation and coordinate translation.
As discussed in Par. 2.3.1, it supports HGVS-based inputs and is capable of
performing cross-level coordinate mapping between genomic (g.), transcript (c.),
and protein (p.) representations, similarly to TransVar.

However, these functionalities are mainly accessible through Ensembl web ser-
vices or REST API interfaces rather than through a fully self-contained local vali-
dation engine. As a consequence, VarChat depends on external services to perform
variant normalization, coordinate translation, and variant autocompletion.

This architectural dependency introduces operational limitations. In particu-
lar, when the VEP API service is temporarily unavailable or experiencing down-

time, the normalization and autocompletion steps cannot be executed. Under
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Figure 5.1: VarChat platform overview. (A) User prompt enabling variant
queries using HGVS nomenclature together with the gene symbol. (B) Processing
of the queried variant by the VarChat system. (C) Retrieval of scientific literature
mentioning the variant and generation of a summarized description. (D) Display
of the most relevant references (up to 15), sorted by relevance, with direct links to
PubMed and indication of the total number of retrieved publications. (FE) Feedback
system allowing users to evaluate the generated response through a 5-star rating
and optional comments [57].
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Figure 5.2: VarChat processing pipeline. The system processes a user query
containing a genomic variant through a sequence of computational steps. (A) The
user submits a query including a gene symbol together with a variant identifier,
which may be expressed using HGVS notation, a dbSNP identifier, or genomic
coordinates. (B) A Named Entity Recognition (NER) module extracts the rel-
evant biological entities from the query, such as the gene name and the variant
description. (C) The variant is then validated and standardized to obtain con-
sistent representations across coordinate systems. (D) The normalized variant is
used in a Retrieval-Augmented Generation (RAG) step to retrieve scientific publi-
cations mentioning the variant from biomedical literature databases. (E) A Large
Language Model (LLM) processes the retrieved context and generates a concise
summary describing the biological and clinical relevance of the queried variant,
which is presented to the user together with relevant references.

these circumstances, the pipeline is unable to validate the user input.

For this reason, integrating the Variant Validator developed in this work into
the VarChat pipeline can provide a more robust alternative. By performing vari-
ant validation and cross-level mapping locally, the Variant Validator removes the
dependency on external validation services and ensures that normalization and
autocompletion steps remain always available even when external APIs are not
accessible.

After the variant representation is obtained, VarChat performs a Retrieval-
Augmented Generation (RAG) step [60], where scientific publications mentioning
the queried variant are retrieved from biomedical literature databases (Figure 5.2
D.). The retrieved documents provide contextual information that is used to gen-
erate the final summary.

The Large Language Model (LLM) then processes both the user query and the
retrieved literature context to produce a concise textual explanation of the variant,
summarizing its known biological and clinical implications (Figure 5.2 E.). The
final output presented to the user consists of the generated summary together with

a ranked list of the most relevant and up-to-date scientific references.
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5.2 Validation of user inputs

5.2.1 Input prioritization strategy

The objective of this section is to evaluate the behavior of the Variant Validator in a
realistic application scenario, namely its integration within the VarChat pipeline.
In particular, the focus is not only on validation performance, but also on the
ability of the system to complete and enrich user-provided variant inputs, which
is a key requirement for downstream literature retrieval.

To this end, the evaluation is conducted in a setting that closely resembles the
operational conditions of VarChat, where user queries are often incomplete and
heterogeneous. The Variant Validator is therefore assessed in terms of its capa-
bility to reconstruct valid inputs, perform cross-level mapping, and automatically
complete missing annotation fields.

The evaluation presented in this section builds upon the dataset of 2001 man-
ually curated variants previously introduced in Par. 4.1.1. While the previous
chapter focused on assessing validation performance and null-output categories,
here the same dataset is used to evaluate how different variant validation strate-
gies affect the amount of information available for downstream processing within
the VarChat pipeline.

Because the variants in the dataset are provided in a trimmed format with some
fields potentially missing (i.e., gene symbol and coding description, with missing
protein description), a preprocessing stage was implemented to reconstruct a valid
input representation before invoking the Variant Validator. This stage identifies
which fields are available for each variant and applies a prioritization strategy to
determine the most informative representation to use as input for the validation
tool.

The reconstructed input is derived from the available fields among: gene sym-
bol, transcript identifier, rsID, HGVS c., p., and m., and genomic coordinates
(both g. and VCF-like format). Depending on which fields are present, different
strategies are applied in order to generate the most reliable input representation
for the Variant Validator.

The prioritization follows three main principles:
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e genomic coordinates are always prioritized when available, as they provide

the most unambiguous representation of the variant;

e when transcript-level information is available, transcript identifiers are pre-

ferred over gene symbols because they uniquely define the reference sequence;

e coding-level descriptions (c.) are prioritized over protein-level descriptions

(p.) because they retain a direct mapping to genomic coordinates.

Special cases are also handled explicitly. Variants containing only a gene sym-
bol are processed as gene-level queries. However, due to the absence of positional
information, no variant validation or coordinate mapping can be performed. There-
fore, these cases are outside the scope of the validation analysis presented in this
work.

If both gene symbol and rsID are available but no positional HGVS representa-
tion is provided, the rsID is used as the primary input and subsequently resolved in
the Variant Validator to genomic coordinates thanks to the workflow implemented
and described in Par. 3.2.4 for rsID input handling.

Once the input representation is reconstructed, the appropriate transcript
database is used for Variant Validator calls. RefSeq databases are selected when
transcript identifiers correspond to NM accessions, whereas Ensembl databases are
used for ENST identifiers. In cases where only a gene symbol is provided together
with an HGVS description, the Variant Validator first attempts validation using
RefSeq transcripts and then falls back to Ensembl transcripts if no valid result is
obtained.

Depending on the reconstructed input, different Variant Validator commands
are executed. Genomic variants are processed using the ganno command, while
transcript-level variants are analyzed using canno or panno.

Multiple attempts may be required when several database and genome assem-
bly combinations are possible. In particular, transcript-based queries prioritize
the GRCh38 assembly and fall back to GRCh37 if no valid annotation is obtained.
When gene-level HGVS descriptions are provided, the system first queries RefSeq
transcripts and then Ensembl transcripts across the same assembly priority.

For each analyzed variant, the complete output returned by the Variant Val-

idator is stored in a structured JSON file together with metadata describing the
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database and genome assembly used to obtain the result. This structured repre-
sentation allows the workflow to preserve both the full set of annotations returned
by the Variant Validator and a prioritized representation of the variant that is
used for downstream processing within the VarChat pipeline.

Indeed, for input representations that are less specific,such as variants provided
only with a gene symbol or genomic coordinates, the annotation process may return
multiple transcripts corresponding to the same genomic event. In these cases, all
transcript-level annotations returned by the Variant Validator are preserved in the
JSON output under the alternative_transcripts field. For each transcript,
the complete mapping across genomic, coding, and eventually protein coordinate
systems (g./c./p.) is stored together with the associated annotation information
(e.g., predicted consequence and transcript metadata), ensuring that the full multi-
level representation of the variant is retained.

to provide a single representation of the variant, the Variant Validator selects
a transcript that is stored in the output JSON prioritized_variants field. The
prioritization of transcripts follows the MANE framework developed and described
in Par 3.2.3. If a MANE Select transcript is present among the mapped transcripts,
it is selected as the prioritized representation. If no MANE Select transcript is
available, the system prioritizes a MANE Plus Clinical transcript when present;
otherwise, a protein-coding transcript among the available annotations is selected.

In the specific case of intergenic genomic variants, where the variant does not
fall within a single gene but may be associated with multiple nearby genes, the
Variant Validation workflow stores one prioritized transcript for each gene accord-
ing to the prioritization hierarchy described above. This approach ensures that
each potentially relevant gene is represented while maintaining a prioritized tran-
script selection aligned with clinically curated transcript standards.

In addition to the annotation itself, the workflow performs a set of coherence
checks between the information provided by the user and the information inferred
from the Variant Validator annotation.

These checks evaluate the consistency of the following fields:

e gene: verifies that the gene returned by the Variant Validator matches the

gene specified by the user, if present;

107



Variant validation framework for VarChat

e transcript: checks whether the annotated transcript corresponds to the tran-

script identifier provided in the input, if present;

e hgvs_c: compares the retrieved coding HGVS representation with the one

provided by the user;

e hgvs p: verifies that the predicted protein consequence matches the protein-

level HGV'S description provided by the user.

Whenever inconsistencies are detected between the user-provided query fields
and the annotation returned by the Variant Validator, the corresponding entry
in the coherence_checks structure is flagged. These flags allow the system to
explicitly report mismatches and highlight potential inconsistencies between the
original user input and the validated annotation.

Table 5.1 summarizes the main input reconstruction scenarios and the corre-

sponding Variant Validator calls generated by the prioritization strategy.

Example case 1: Gene + HGVS_c + HGVS_p with no incoherences

A representative example of the prioritization strategy occurs when the user
provides a gene symbol together with both coding and protein HGVS descriptions.
In this scenario, the workflow prioritizes the coding-level representation and per-
forms the initial Variant Validator query using the gene and the c. description.
The protein-level description is then used as an additional consistency check to
ensure that the predicted amino acid change matches the one provided by the
user.

For example, considering the following input record extracted from the dataset:

{‘“gene’ ’: “‘CFTR’’,

Clrg 7 77

““hgvs_c’7: “‘c.220CT" 7,
““hgvs.p’’: “‘p.Arg7dTrp’ 7,
““hgvsm’’: <77

4 Ce

‘genomic_coord ’ : ,

‘“transcript > ’: <77}
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Table 5.1: Input reconstruction and prioritization strategy used to generate Vari-
ant Validator queries from trimmed variant records.

User input query

Input reconstruction strategy

Variant Validator
command

Gene only

Gene + rsID
Genomic coordinates
Transcript + HGVS_c

Transcript + HGVS_c
+ HGVS_p

Gene + HGVS_c

Gene + HGVS.c +
HGVS_p

Gene + Transcript +
HGVS_¢/p

Gene/Transcript ~ +
HGVS_p only

rsID with multiple ge-
nomic loci

Insufficient positional informa-
tion

Resolve rsID to genomic coordi-
nates (via DocumentDB) and an-
alyze each genomic alternative
Directly used as primary input
Transcript-level — representation
prioritized

Query performed using c¢. nota-
tion; check for the user-provided
p. change

Attempt RefSeq transcripts first,
then Ensembl if no valid result is
obtained

Transcripts filtered to match the
user-provided p.  consequence.
Attempt RefSeq transcripts first,
then Ensembl if no valid result is
obtained

Transcript prioritized; gene con-
sistency checked. If both ¢. and
p. are present, the p. conse-
quence is validated against the
predicted effect

If only the gene is provided: at-
tempt RefSeq transcripts first,
then Ensembl if no valid result is
obtained

All genomic alternatives analyzed
separately and stored as indepen-
dent results

No analysis performed

ganno
ganno
canno
canno

canno

canno

canno

panno

ganno
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Since both ¢. and p. descriptions are available, the reconstructed query be-

comes:
CFTR:c.220C>T

The Variant Validator then attempts validation across the available transcript
databases, prioritizing RefSeq transcripts on GRCh38, followed by GRCh37 if no
valid result is obtained previously. If necessary, Ensembl transcripts are subse-
quently explored using the same assembly priority.

For each candidate transcript returned by Variant Validator, the predicted pro-
tein consequence is compared with the user-provided protein change (p.Arg74Trp).
Only transcripts producing a consistent coding and protein-level effect are shown
in the final output.

An example of the resulting structured output generated by the Variant Valida-
tor is shown in Figure 5.3. For clarity, the figure reports only the prioritized_-
variants section of the JSON output. The complete JSON file additionally con-
tains all transcript-level annotations returned by Variant Validator that are com-
patible with the queried variant (c.220C>T) and whose predicted protein conse-

quence matches the protein-level description provided by the user (p.Arg74Trp).
Example case 2: Gene—transcript incoherence

A second example illustrates how the workflow detects inconsistencies between
the information provided by the user and the annotation returned by the Variant
Validator.

Considering the following input record extracted from the curated dataset:

{‘‘gene’ ’: ‘‘BRCAl’’,
4(rs77: ((77’

‘““hgvs_c’’: ““c.470T>C" 7
““hgvs.p’’: <77,
““hgvsm’’: <77

4 ¢

‘genomic_coord ’ : ,

““transcript '’ ‘‘NM_007194.4° "}
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"prioritized_variants": {
"input": "CFTR:c.22B0C>T",
"transcript": "NM_B808492.4 (protein_coding) MANE:Select",
"gene": "CFTR",
"strand": "+",

"coordinates(gDNA/cDNA/protein)”: "chr7:9.117509689C>Tlc.220C>TIp.R74W",

"region": "inside_[cds_in_exon_3]",

"info": {
"CSOQN": "Missense",
"dbsnp": "rs115545781(chr7:117509889C>T)",
"reference_codon": "CGG",
"alternative_codon": "TGG",

"dbxref": "GeneID:1880,HGNC:1884 MIM:602421",
"gliases": "NP_DOO483",
"spurce": "RefSeq"
T,
"hgvs_c_nucleo": "c.228C>T"
T
"alternative_transcripts": [],
"feedback": [],
"source_variant": {
"gene": "CFTR",
"rg": "V,
"hgvs_c": "c.228C>T",
"hgvs_p": "p.Arg74Trp",
"hgvs_m": "",
"genomic_coord": "",
"transcript": ""
T,
"status": 3,
"coherence_checks": {
"gene": true,
"transcript": true,
"hgvs_c": true,

"hgvs_p": true

Figure 5.3: JSON output generated after input reconstruction and pri-
oritization. The input variant is provided using the gene symbol together with
both coding and protein HGVS descriptions. The workflow reconstructs the query
CFTR:c.220C>T, performs validation across transcript databases, and returns a
structured output containing the prioritized transcript, genomic coordinates, pre-

dicted consequence, codon change, and external database identifiers.
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In this case the user provides both a gene symbol and a transcript identifier
together with a coding HGV'S description. According to the prioritization strategy
described above, transcript-level information is considered, since it is more specific

than the gene symbol. Therefore, the reconstructed query becomes:
NM_007194.4:c.470T>C

The validation is then performed using the transcript provided by the user.
However, the transcript NM_007194 .4 corresponds to the gene CHEK?2, while the
user specified the gene BRCA1. As a result, a gene-level inconsistency is detected.

During the coherence validation stage, the gene inferred from the Variant Val-
idator annotation is compared with the gene provided by the user. Since the two
values do not match, the gene field in the coherence_checks structure is flagged
accordingly. At the same time, the other fields (transcript and hgvs_c) remain
coherent with the reconstructed input.

The system reports this inconsistency through the feedback field while pre-
serving the annotation obtained from the Variant Validator. An example of the

resulting structured output is shown in Figure 5.4.

5.2.2 Comparison of validation completeness between VEP
REST API and the Variant Validator

Using the input prioritization strategy described in the previous section, the 2001
manually curated variants were reconstructed and sequentially submitted to the
Variant Validator. Each variant was processed independently and the correspond-
ing annotation was stored in a structured JSON output file containing the re-
constructed input, prioritized variant representation, alternative transcripts, and
coherence checks.

The execution was performed sequentially, with each variant analyzed through
the set of attempts described in the prioritization strategy in Par. 5.2.1. The
average execution time required to process a single variant was 0.369 seconds. As
a consequence, the complete annotation of all 2001 variants required approximately

15 minutes. These results highlight the efficiency of the local validation workflow,
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"prioritized_variants": {
"input": "NM_B8871%94.4:c.470T=C",
"transcript": "NM_@87194.4 (protein_coding) MAMNE:Select",
"gene": "CHEK2",

"strand": "-",
"coordinates(gDNA/cDNA/protein)": "chr22:9.28725099A>G|c.478T=C|p.I157T",
"region": "inside_[cds_in_exon_4]",
"info": {
"CS0N": "Missense",
"dbsnp": "rs17879961(chr22:28725099A>6)",
"reference_codon": "ATT",
"alternative_codon": "ACT",

"dbxref": "GeneID:11208,HGNC:16627 ,MIM:604373",
"aliases": "NP_B8B89125",
"source": "RefSeqg"
}
"hgvs_c_nucleo": "c.478T>C"
T,
"alternative_transcripts": [],
"feedback": [
"Incoherent gene: BRCA1 do not match with any genes found (CHEK2)"
1,
"source_variant": {
"gene": "BRCAL1",
"pgt: "7,
"hgvs_c": "c.470T=C",
"hgvs_p": "",
"hgvs_m": "",
"genomic_coord": "",
"transcript": "NM_8087194.4"
}
"status": 4,
"coherence_checks": {
"gene": false,
"transcript": true,
"hgvs_c": true,

"hgvs_p": true

Figure 5.4: Example of gene-level incoherence detected during validation.
The user provides the gene BRCA1 together with the transcript NM_007194.4
and the coding HGVS description ¢.470T>C. The transcript corresponds to the
gene CHEK?2, generating a mismatch between the gene specified by the user and
the gene inferred from the annotation. The inconsistency is reported through
the coherence_checks structure and the feedback message while preserving the

annotated variant information.
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showing that large batches of variants can be processed within a short time while
maintaining a fully automated pipeline.

A more detailed view of the execution time distribution is provided in Fig. 5.5,
which reports the boxplots of the processing times computed over the 1956 variants
that produced a valid output. T'wo representations are shown: the first includes all
observations, providing a complete overview of the variability in execution times,
while the second excludes a total of 229 outliers to improve readability of the
central distribution.

It is important to note that execution time is not uniform across variants, but
depends on the amount and type of input information provided. In particular, the
number of transcripts associated with a given variant plays a key role in determin-
ing computational cost. Variants linked to genes with a high number of transcripts
require a larger number of projections and consistency checks, resulting in longer
processing times. Consequently, execution time can be considered approximately

proportional to the number of transcripts evaluated during the validation process.
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Figure 5.5: Distribution of execution times for variant validation. Box-
plots of execution times computed over the 1956 variants that produced a valid
output. The left panel includes all observations, providing a complete overview of
variability, while the right panel shows the distribution after removal of outliers
(IQR-based filtering), highlighting the central tendency of execution times. The
presence of outliers reflects cases with increased computational complexity, asso-
ciated with variants linked to genes with a higher number of transcripts.

Once the Variant Validator annotations were generated, the resulting outputs
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were compared with the annotations obtained through the VEP REST API calls.

For each variant, the outputs produced by the two tools were compared field by
field. The comparison focused on the following annotation fields: gene, transcript,
hgvs_c, hgvs_p, genomic_coord, and rs.

For each field, the mismatches were classified into three possible categories:

e only VEP REST API: the field was completed only by the VEP REST API,

while the Variant Validator did not provide a corresponding value;

e only Variant Validator: the field was completed only by the Variant Valida-
tor, while the VEP REST API did not return any value;

e different values: both tools returned a value for the field, but the annotations

differed between the two tools.

This comparison allows the evaluation of how the two validation strategies
differ in terms of information retrieval and automatic completion of missing fields.

The distribution of mismatches across the analyzed fields is shown in Fig-
ure 5.6. The heatmap reports the percentage distribution of mismatch types for
each annotation field.

Importantly, these percentages are not computed over the total number of an-
alyzed variants (1956), but only over the subset of variants showing a mismatch
for the corresponding field. Therefore, for each field, the three percentages shown
in the heatmap describe how the discordant cases are distributed among the cat-
egories only VEP REST API, only Variant Validator, and different values.

To contextualize these distributions, Table 5.2 reports the overall agreement
between the two tools for each annotation field across the full set of 1956 analyzed
variants.

The results show that the two tools are overall highly consistent across most
annotation fields, as highlighted by the high match rates reported in Table 5.2. In
particular, agreement exceeds 95% for the gene, hgvs_c, and hgvs_p fields, indi-
cating that both tools generally converge toward the same variant representation
when sufficient input information is available. Lower agreement is observed for the
transcript (85.28%) and rs (83.33%) fields, while the genomic_coord field shows a
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Figure 5.6: Distribution of annotation mismatches between VEP API
and the Variant Validator. The heatmap shows the percentage distribution of
mismatch types observed for each annotation field when comparing the outputs
produced by the VEP REST API and the Variant Validator. Percentages are
computed within the subset of variants showing a mismatch for the corresponding
field, and therefore do not refer to the total number of analyzed variants.

Table 5.2: Agreement between the VEP REST API and the Variant Validator
across the 1956 analyzed variants, reported separately for each annotation field.

Field Match rate Matches Total Accuracy (%)
gene 0.975460 1908 1956 97.546
hgvs_c 0.958589 1875 1956 95.859
hgvs_p 0.952965 1864 1956 95.297
transcript 0.852761 1668 1956 85.276
rs 0.833333 1630 1956 83.333
genomic_coord 0.033231 65 1956 3.323
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very low match rate (3.32%), reflecting a design difference rather than a true
inconsistency.

Despite this overall agreement, the analysis of mismatches provides important
insights into the different behaviors of the two validation strategies.

For the gene field, although the agreement is very high (97.55%), the observed
mismatches are mainly due to two factors. First, the VEP REST API often does
not populate the gene symbol unless it is explicitly provided, whereas the Variant
Validator systematically reports the gene associated with the mapped transcript
or genomic location, leading to cases classified as only Variant Validator. Second,
mismatches categorized as different values are primarily attributable to inconsis-
tencies in the user-provided input, where the gene symbol and transcript identifier
do not correspond to the same gene. In these cases, the Variant Validator re-
solves the ambiguity by relying on the transcript, which uniquely defines the gene,
thereby revealing the inconsistency. This behavior is consistent with the coherence
checks described in Par. 5.3 and with the example illustrated in Figure 5.3.

Regarding the transcript field, the lower agreement (85.28%) reflects a system-
atic difference between the two tools. The VEP REST API often does not pop-
ulate transcript identifiers unless they are explicitly provided in the input query,
whereas the Variant Validator systematically reports all compatible transcript-
level annotations. As a consequence, most mismatches correspond to cases where
the transcript field is completed only by the Variant Validator. Cases classified as
different values are consistently attributable to inconsistencies in the user input,
where the gene and transcript specified by the user are not compatible.

For the hgvs_c field, the agreement remains high (95.86%), confirming that
both tools generally converge on the same coding-level representation. However,
mismatches arise mainly from two sources. On one hand, the VEP REST API
often does not return a coding HGVS description unless it is explicitly provided,
resulting in cases completed only by the Variant Validator. On the other hand,
cases classified as different values are mostly attributable to HGVS normalization
issues in the original input. For example, the variant AASS:c.747_748AG>CT is
not HGVS-compliant and is automatically normalized by the Variant Validator to
the correct representation c.747_748delinsCT, leading to discrepancies with the

non-normalized representation returned by the VEP APIL.
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A similar behavior is observed for the hgvs_p field, where agreement remains
high (95.30%). As for the coding-level representation, the VEP REST API of-
ten does not populate protein-level HGVS descriptions unless they are explicitly
provided or directly derivable, whereas the Variant Validator systematically re-
constructs them. In addition, mismatches frequently arise from differences in the
representation of frameshift variants. The Variant Validator follows HGV'S recom-
mendations by explicitly reporting the length of the altered reading frame and the
position of the newly introduced stop codon, whereas the VEP REST API often
provides truncated annotations limited to the fs suffix. This difference in repre-
sentation leads to a substantial fraction of different values despite the underlying
biological effect being consistent.

For the genomic_coord field, the very low agreement (3.32%) is not indicative
of a limitation of the Variant Validator, but rather reflects a deliberate design
choice in the VarChat autocompletion workflow. The VEP-based autocompletion
procedure does not explicitly populate genomic coordinates unless they are already
present in the original trimmed input. This design choice reflects the fact that ge-
nomic coordinates are rarely reported in the scientific literature. Instead, variants
are typically described using gene symbols, transcript identifiers, HGVS coding or
protein notations (c./p.), or rsIDs.

Finally, for the rs field, the lower agreement (83.33%) is mainly due to differ-
ences in the underlying dbSNP resources. A substantially larger amount of rsID
information is retrieved through the VEP REST API, as the internal dbSNP VCF
files used by the Variant Validator are not the most recent releases. This limita-
tion is mainly related to local storage constraints and could be easily overcome by
deploying the validation workflow on scalable cloud infrastructures (e.g., AWS),
where the latest dbSNP datasets can be integrated without storage limitations.

In conclusion, the comparative analysis demonstrates that the two tools achieve
a high level of concordance across the majority of annotation fields, with discrep-
ancies that are largely explainable by design choices, input inconsistencies, or
differences in normalization strategies rather than true annotation errors. Im-
portantly, the Variant Validator consistently exhibits a more deterministic and
completeness-oriented behavior, systematically enriching missing information and

enforcing HGVS-compliant representations.
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From an integration perspective, the three initial objectives have been suc-
cessfully achieved. The Variant Validator performs at least comparably, and in
several aspects more robustly, than the current system; it operates within accept-
able time constraints; and it removes the dependency on external services, thereby
improving reliability and reproducibility. Altogether, these results confirm that
the Variant Validator represents a suitable and effective solution for integration

within the VarChat autocompletion workflow.
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Chapter 6
Conclusions and future directions

The objective of this work was to identify and develop a variant validation frame-
work independent from external services, capable of handling heterogeneous input
formats (HGVS, VCF-like coordinates, and rsIDs), and able to minimize ambiguity
in variant representation across genomic, transcript, and protein levels.

To this end, several widely used tools were initially evaluated, including LOVD
Syntax Checker, Mutalyzer, VariantValidator, and VEP. This preliminary analy-
sis highlighted a set of common limitations. Tools such as Mutalyzer and VEP
rely on external services or APIs, reducing offline usability. On the other hand,
tools like VariantValidator and SnpEff do not provide a complete and consistent
cross-mapping between genomic (g.), coding (c.), and protein (p.) representations.
Additionally, ambiguity in transcript selection further limit their applicability in
a fully automated validation pipeline.

Based on these observations, the focus converged on TransVar as the most
suitable candidate for the aim of the work. TransVar provides a solid founda-
tion for cross-level variant projection and operates locally, making it compatible
with the requirement of independence from external resources. Its implementation
in Python, with publicly available and modifiable source code, makes it particu-
larly suitable for extension and integration within custom validation workflows.
TransVar original implementation presented several limitations, particularly in
the handling of untranslated regions, transcript diversity, and non-coding genes.

To address these issues, the internal preprocessing and validation logic of
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TransVar were substantially extended. Support for non-coding transcripts and
genes was introduced, and transcript models were enriched to explicitly repre-
sent segmented UTR regions. These modifications transformed the original CDS-
centric approach into a full structure-aware representation of transcripts, enabling
accurate and HGVS-compliant annotation across all variant types. Finally, im-
provements were made to transcript handling, including prioritization for MANE
annotations. The resulting extended framework has been referred to as the Variant
Validator

The impact of these changes was systematically evaluated through benchmark-
ing analyses. Comparisons between TransVar and the Variant Validator against
external tools such as SnpEff, revealed clear improvements. Differences were ana-
lyzed and categorized across multiple dimensions, including the number of shared
transcripts, discrepancies in variant effect classification, and inconsistencies in c.
and p. HGVS representations. Following the improvements, a reduction in mis-
match categories was observed, particularly for variants located in UTR regions,
which were previously misclassified due to the lack of transcript structure aware-
ness.

Finally, the Variant Validator will be integrated into a real-world validation
workflow within VarChat: the first generative Al-based platform developed by
enGenome srl that enables users to retrieve and summarize the scientific literature
associated with a specific genetic variant. In this context, the contribution is not
limited to simple input reconstruction, but extended to the design of a structured
nomenclature validation and prioritization pipeline.

First, a flexible input reconstruction strategy was defined to handle incomplete
or heterogeneous variant descriptions. User-provided inputs may include partial
information (e.g., only gene and protein change, or only genomic coordinates), and
therefore require normalization and completion. Available fields are combined to
obtain a consistent internal representation of the variant.

Beyond normalization and completion, a prioritization logic has been intro-
duced to ensure that the most specific and informative representation is always
returned to the user. Different input fields (gene, transcript, genomic coordinates,
rsID, HGVS notations) are evaluated according to their level of specificity and reli-

ability, and the output is structured to privilege the highest-resolution information
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available. This prevents ambiguous or redundant representations and guarantees
consistency across genomic (g.), coding (c.), and protein (p.) levels.

To further improve robustness, a system of validation flags was implemented
for gene, transcript, and HGVS fields. These flags are used to detect and correct
inconsistencies between user-provided inputs and the annotations generated by the
Variant Validator. For instance, mismatches in transcript identifiers, gene names,
or HGVS expressions can be identified and resolved, ensuring that the final output
reflects a biologically and syntactically coherent variant representation.

The effectiveness of this workflow was evaluated on the VarChat benchmark
dataset. A direct comparison between the Variant Validator-based pipeline and
the current VEP REST API-based validation and autocompletion strategy showed
that the proposed approach achieves a higher level of field completion. At the
same time, it maintains full consistency with VEP in terms of variant validation,
producing equivalent results while avoiding dependence on external services.

This demonstrates that the integration of an improved, fully local variant val-
idation framework can both enhance completeness and preserve reliability, repre-
senting a strong alternative to API-dependent solutions in real-world applications.

Overall, this work demonstrates that achieving reliable variant validation re-
quires not only accurate coordinate transformations, but also a comprehensive and
biologically consistent modeling of transcript structure, combined with a robust
strategy for handling real-world, partial or ambiguous inputs.

Despite the improvements introduced in this work, some limitations remain
and highlight possible directions for future development.

The primary limitation concerns the nature of the validation process itself.
While the actual Variant Validator framework is able to validate and normalize
variant representations across genomic, transcript, and protein levels, it does not
provide explicit feedback on the origin of validation failures. In cases where the
input variant is incorrect or inconsistent-such as when the reference base does
not match the selected genome assembly or when coordinates are misaligned-the
system typically fails to validate the variant without offering actionable suggestions
to the user.

This lack of diagnostic capability limits usability, especially in prone-to-errors

real-world scenarios. A possible extension of this work would therefore involve the
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development of an error interpretation layer capable of identifying the most likely
reason for validation failure and suggesting possible corrections. For example, the
system could detect mismatches between reference alleles and genome assemblies,
suggest the correct reference sequence when the wrong genome build is being used,
or it could recommend compatible transcripts when the one provided by the user
is not valid.

A second limitation concerns the representation of variant effects. Although
the actual Variant Validator workflow ensures accurate coordinate projection and
HGVS-compliant annotation, its internal ontology for variant effect classification
remains relatively limited compared to widely used tools such as SnpEff and VEP.
These tools provide a richer and more standardized set of consequence terms,
enabling finer-grained interpretation of variant impact.

Future work could address this gap by integrating a more comprehensive effect
ontology, either by extending the internal classification system or by mapping the
Variant Validator outputs to established ontologies such as Sequence Ontology
terms [42]. This would enhance interoperability with existing genomic pipelines
and improve the interpretability of results.

The last limitation concerns the scope of supported variant types. At present,
the Variant Validator framework is primarily designed to handle small-scale vari-
ants: single nucleotide variants (SNVs) and short insertions and deletions (IN-
DELs). While these represent the majority of variants typically analyzed in many
workflows, more complex classes of genomic alterations are not currently sup-
ported.

In particular, Short Tandem Repeats (STRs), structural variants (SVs) and
copy number variations (CNVs) fall outside the scope of the current implementa-
tion. These variant types are increasingly relevant in both research and clinical
genomics, as they can have significant functional and phenotypic impact.

Future work should therefore focus on extending the framework to support the
validation and representation of these more complex variants. This would mainly
require adapting coordinate mapping strategies in order to describe large-scale

genomic rearrangements.
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