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SUMMARY OF MAIN FINDINGS AND THESIS
CONTRIBUTIONS

Interpreting rare germline variants in cancer susceptibility genes remains a major challenge,
particularly for genes involved in telomere maintenance, given their capacity for context-
dependent, bimodal effects on telomere length regulation. As hereditary cancer testing panels
expand, increasing numbers of variants are identified in genes such as POT71, ACD and
TINF2, however for many of these there is limited functional or clinical evidence'?. This results
in a high burden of variants of uncertain significance (VUS), which complicate molecular

diagnosis, clinical risk stratification and personalized surveillance recommendations®-5.

This thesis addresses this problem by evaluating saturation genome editing (SGE) as a
scalable experimental strategy for characterizing variants in multiplex in genes linked to cancer
predisposition with long telomeres (CPLT) disorders®. Using POT7 and TINF2 as model
genes, the work presented here combines high-throughput variant maps with genetic, clinical

and population data to improve genetic risk interpretation in hereditary cancer.

The first major contribution of this thesis is the implementation and application of SGE on
telomere biology genes in a human haploid cell model. Chapter 2 positions SGE within the
broader framework of multiplexed assays of variant effect (MAVE) while Chapter 3 describes
the optimization of an SGE workflow in HAP1-A5 cells. This includes variant library and sgRNA
design, genome-editing strategies and the use of quantitative fitness-based readouts for
genes in which loss-of-function (LoF) affects HAP1 cellular viability”:. Building on this platform,
Chapters 4 and 5 apply SGE to generate high-resolution functional maps for POT1 and
TINF2. For POT1, 13,919 variants were assayed at the endogenous locus, while for TINF2,
4,261 variants in exons encoding key shelterin-interaction domains were assayed. Together,
these maps define regions of functional constraint and tolerance to variation across both

genes.

The second contribution of this thesis is the correlation of SGE derived data with telomere
phenotypes and clinically annotated cancer diagnoses, as described in Chapters 4 and 5. For
POT1, SGE scores were associated with telomere length and cancer incidence in UK Biobank
(UKBB), supported by additional analysis of patient-derived samples as well as experimental
telomere length and telomeric DNA damage repair (DDR) signalling validation in the HAP1-
A5 cell model. For TINF2, functional SGE scores were evaluated using the available clinical

evidence to date, together with novel variants from cancer-prone families. Together, these



analyses illustrate how high-throughput functional data can be integrated with genetic and

clinical evidence to support variant interpretation.

The third contribution of this thesis is the evaluation of SGE data in both population-based and
clinically ascertained melanoma cohorts. Chapter 6 shows that pathogenic POT7 variants
account for a small proportion of melanoma at the population level but remain clinically
relevant in selected high-risk individuals. Functional assays, including SGE, identify only a
subset of rare variants as functionally disruptive, supporting targeted testing rather than
population-wide screening. Chapter 7 extends this analysis to Swedish melanoma families
and confirms that pathogenic POT1 variants are rare but clinically informative. On this basis,
POT1 testing is recommended for families with multiple melanomas, early-onset disease,

spitzoid histopathology, or co-occurring syndromic malignancies.

Taken together, this thesis demonstrates how high-throughput functional SGE data can be
interpreted in the context of hereditary cancer genetics. It shows that SGE can be applied to
telomere maintenance genes, that the resulting scores capture biologically meaningful
differences between variants, and that these data can be used to support variant interpretation

when integrated with genetic, clinical and population-level evidence.

FUNCTIONAL INSIGHTS FROM SATURATION GENOME
EDITING OF TELOMERE GENES

A central outcome of this thesis is the demonstration that SGE, as a form of MAVE, can be
applied effectively to clinically relevant telomere biology genes. The functional maps
generated for POT1 and TINF2 delineate regions of the shelterin complex that are particularly
sensitive to genetic variation, highlighting the importance of intact telomere regulation for

normal cellular fitness.

POT1 - A SPECTRUM OF FUNCTIONAL ALLELES AND ASSOCIATED CANCER
RISK

In Chapter 4 of this thesis a comprehensive functional analysis of coding variation in POT1,
a key component of the shelterin complex with established roles in telomere protection® and
inherited cancer risk'®, is presented. By applying SGE at the endogenous genomic locus, 97%
of all possible sequence single nucleotide variants (SNVs) were systematically interrogated in
a uniform experimental context. The resulting dataset enables evaluation of POT1 function at

nucleotide resolution and provides a framework for variant interpretation.



One of the central findings of Chapter 4 is that POT1 variants do not segregate into a simple
pathogenic-benign dichotomy. Instead, variants span a continuum of functional effects,
allowing classification into strong and weak depleted, as well as functionally neutral /
unchanged and enriched categories. This functional stratification shows that missense
variants exert graded impacts on POT1 function, which is a critical observation since many
clinically observed POT1 variants are missense. Importantly, SGE functional scores correlated
with estimated cancer risk in the UKBB analysis, with strong depleted POT1 variants
associated with a disease odds ratio of approximately 5.6 and weak depleted variants showing
a more modest increase in risk (odds ratio ~2.5). These findings suggest that cancer risk
associated with POT1 variation may reflect the degree of functional impairment rather than a
strict binary threshold, with partially functional alleles conferring intermediate risk. This pattern
is consistent with previous MAVE studies'"'?, in which SGE of DDX3X and RAD51C similarly
distinguished fast-/strong depleted variants, enriched for truncating and core-domain
missense alleles, from more slow depleted missense variants. In those studies, the slowly
depleted variants were interpreted as hypomorphic alleles retaining partial function'. As can
be seen across POT1, DDX3X and RAD51C, SGE in the HAP1-A5 cell model can robustly
delineate multiple levels of functional impairment, with classifications that align closely with
available genetic and clinical data. For POT1 in particular, SGE fitness effects aligned with
telomere-associated phenotypes observed in human datasets, including UKBB and patient-
derived samples. Depleted variants were associated with telomere elongation in both human
carriers and edited HAP1-A5 cells, accompanied by increased telomeric 53BP1 foci,
consistent with impaired telomere end protection and ataxia telangiectasia and Rad3-related
(ATR)-mediated DDR. Together, these observations support the conclusion that SGE fitness
effects provide a biologically meaningful readout of POT7 dysfunction across cellular and

human contexts'34.

Mechanistically, the association of depleted variants with telomere elongation is consistent
with loss of POT1-mediated restraint of telomerase access at the single-stranded telomeric
overhang®'%'6, Within the shelterin complex, POT1-TPP1 both protects the telomere end and
regulates telomerase recruitment and activity; disruption of this interaction can permit
increased telomerase access and progressive telomere extension despite impaired end
protection’. This interpretation is consistent with models in which POT1 normally competes
with replication protein A (RPA) for binding to single-stranded telomeric DNA and, through its
tethering to TPP1 within shelterin, limits access of telomerase to the chromosome terminus™®.
In contrast, variants that more severely compromise POT1-dependent end protection or

replication-associated functions, such as regulation of C-strand fill-in, would be expected to



promote telomere instability and shortening, although such phenotypes are not the dominant

signal observed in this SGE system.

Mapping functional SGE data onto POT1 structure further supported the biological relevance
of these findings. Strong and weak depleted variants clustered within the DNA-binding
oligonucleotide/oligosaccharide-binding (OB) domains and at highly conserved residues,
whereas enriched variants tended to localise to less conserved positions outside key
interaction surfaces. In addition, the depletion of nearly all upstream truncating variants, with
few unchanged truncations restricted to the terminal exon, is consistent with nonsense-
mediated mMRNA decay (NMD) of upstream alleles and tolerance of C-terminal loss, as
reported in other SGE studies'"'21819  Together, these observations confirm that SGE

depletion reflects domain-specific loss of POT1 function rather than generic fitness effects.

Importantly, the POT1 SGE map identified a subset of synonymous variants that were
significantly depleted and correlated with high SpliceAl scores, indicating likely aberrant
mRNA splicing effects®®. Consistent with previous SGE studies'>'8'%  these results
demonstrate that nucleotide-resolution SGE can capture RNA-mediated functional
consequences, including altered splicing and transcript abundance, in addition to protein-level
effects'. The clinical relevance of these findings is exemplified by the identification of a
melanoma patient carrying a synonymous but strong depleted POT7 variant (Q249=) with a
notable family history of melanoma. Collectively, these observations underscore the
importance of considering non-obvious functional consequences when interpreting ostensibly

‘silent’ variants in telomere-associated genes.

Overall, the POT1 SGE data demonstrate that functional variation exists along a continuum
linking graded disruption of POT1 to telomere dysregulation and cancer risk across human
cohorts. Together, these findings support the use of SGE as an experimentally grounded,
complementary approach for interpreting rare germline variants in telomere-associated cancer

genes.

TINF2: SGE ON CRITICAL PROTEIN DOMAINS AND FUNCTIONAL EFFECTS

In Chapter 5, the SGE approach was extended to TINF2, demonstrated that variants affecting
the core shelterin-binding domains are consistently associated with significant functional
depletion, aligning with known pathogenic alleles?-?° as well as newly identified cancer-
associated variants. These findings indicate that SGE provides experimentally grounded
support for pathogenicity assessment in TINF2, particularly where clinical or in silico evidence

alone is inconclusive. Clinical correlation analyses also indicated that germline TINF2 variants



are associated with a broad tumour spectrum, with melanoma and non-medullary thyroid
carcinoma (NMTC) emerging as core malignancies, supporting routine surveillance even in
the absence of a family history, in line with previous clinical recommendations by Jensen et
al’?. A major additional finding was the recurrent occurrence of rare malignancies, including
sarcoma, renal cell carcinoma (RCC), and brain tumours, across independent TINF2 variant
carriers, which, together with prior reports, supports their recognition as clinically relevant
components of the TINF2-associated cancer spectrum and consideration of targeted
surveillance in affected families?'2426, Beyond defining the disease spectrum, the TINF2 SGE
dataset also supports re-evaluation of current clinical variant classifications, as several
variants annotated as VUS or with conflicting interpretations showed clear functional
depletion, indicating that selected cases may warrant reassessment. Given the rarity and
phenotypic heterogeneity of pathogenic TINF2 variants, continued accumulation of well-
annotated clinical data will be essential to refine interpretation, and a complete SGE map

covering all coding exons and isoforms would be particularly valuable.

Structural mapping showed that depleted clinical variants cluster at the TRF2-, TPP1 and
TRF1-binding interfaces, supporting the interpretation that disease-associated effects arise
from disruption of key shelterin protein-protein interactions and are detectable as fitness
defects in SGE®'. Consistent with this, TINF2 appeared more permissive to missense
variation than POT1, with deleterious and significantly depleted variants concentrated at
functionally critical interaction sites, while many other missense substitutions were functionally
neutral, indicating position-specific tolerance within these domains. One explanation for this
difference may lie in the distinct roles of these proteins within the shelterin complex: POT1
uniquely binds single-stranded telomeric DNA'™'427 making variants in its OB fold domains
more likely to disrupt DNA binding and telomere capping, whereas TIN2 functions primarily as
a scaffold stabilising shelterin assembly and may therefore tolerate a broader range of
substitutions. These functional differences likely contribute to the observed variation in

mutational sensitivity between the two proteins.

Overall, the TINF2 screen demonstrates that SGE can identify both clearly disruptive alleles
and clinically reported missense variants with LoF effects. It also reveals domain-specific
differences in mutational tolerance and highlights the importance of integrating functional,
structural and clinical information when assessing variant pathogenicity. Together, these
findings support the broader applicability of SGE as functional evidence for variant

interpretation in telomere biology genes.



INTEGRATING SGE INTO CLINICAL VARIANT
INTERPRETATION FRAMEWORKS

To be clinically meaningful, SGE data must be interpreted within established variant
classification frameworks rather than considered in isolation?®2°. In clinical practice, germline
VUS are usually classified using the American College of Medical Genetics and Genomics
(ACMG) / Association for Molecular Pathology (AMP) guidelines, which integrate multiple
types of evidence (e.g. population data, segregation, computational prediction, and functional
studies) and weight them by evidence strength (supporting, moderate, strong or very strong)*.
Under the original formulation of this framework, evidence from MAVE data is applicable only
at a strength of strong (PS3/BS3), provided assays are “well-established”; that is, “validated
and shown to be reproducible in a clinical diagnostic laboratory setting”?®3°. However, the
framework did not provide guidance on assessing the quality of an assay’s validation and
reproducibility, rendering the application of PS3/BS3 highly inconsistent between diagnostic

centres?®29,

To expand upon the original 2015 recommendations for application of PS3/BS3, the Clinical
Genome (ClinGen) Resource, through the work of the Sequence Variant Interpretation (SVI)
Working Group, developed general guidance for evaluating functional assays for clinical use®'.
While this guidance established a principal framework for assessing assay validity and
evidence strength, it was built around traditional, low-throughput assays and did not fully
address the implementation challenges of MAVE, including large-scale validation, clinical
truthset construction, and quantitative evidence calibration. The Brotman Baty Mutational
Scanning Working Group have subsequently addressed these challenges in their MAVE-
specific recommendations?. Complementing this, Brnich et al.*? also introduced a quantitative
likelihood-based framework for calibrating functional assays against clinical truthsets and
mapping results to ACMG/AMP evidence strengths, and providing recommended minimum

truthset size.

In practice, the limited availability of high-confidence clinical truthsets means that meeting the
requirements of the Brnich framework is challenging for many MAVE datasets®°. These
datasets are therefore unable to attain the PS3 (pathogenic, well-established damaging effect)
/ BS3 (benign, well-established lack of damaging effect) evidence criteria. Further, variability
in assay design and performance and absence of standardised calibration methods means
that inconsistency ultimately remains in the precise application of PS3/BS3 criteria across

laboratories?®2°.



Using the Brnich framework, ClinGen Variant Curation Expert Panels (VCEPs) have
developed gene-specific ACMG variant classification guidelines and, for genes such as
BRCA133, TP53%* and PTEN®, have formally reviewed specific MAVE assays and, where
appropriate, recommended their use as functional evidence in clinical variant interpretation.
Notably, these same genes have recently also been used to show that MAVESs provide clinical

value beyond VUS reclassification.

MAPPING SGE SCORES TO ACMG/AMP AND CLINGEN FRAMEWORKS

Chapter 4 of this thesis tested whether POT7 SGE data could be used for ACMG/AMP variant
classification. Using curated clinical truthsets and the quantitative framework developed by
Brnich et al.®?, SGE scores were translated into ACMG/AMP PS3 and BS3 evidence strengths.
The assay achieved a likelihood ratio of ~15 in favour of pathogenicity (near-strong evidence)
and >190 in support of benign classification (strong evidence), indicating that strong depleted
variants support pathogenic classification while unchanged SGE scores support benign
interpretation. Weak depleted were excluded from calibration because they likely represent
intermediate effects and are not compatible with the fully penetrant disease model under which
truthsets were constructed. Overall, these findings demonstrate that POT7 SGE satisfies key
VCEP criteria for calibrated functional evidence and can be interpreted within the established
ACMG/AMP framework?2932 Similar results have been reported for other cancer
predisposition genes, such as BAP1'® and RAD51C", where SGE data have also been
formally evaluated under the ACMG framework. Of note, the TINF2 SGE dataset could not be
calibrated via the ACMG/AMP guidelines, due to very limited availability of high-confidence
pathogenic and benign variants, reflecting the challenges associated with small genes and
rare variants. This illustrates an important practical constraint of applying the Brnich framework
et al.*2to MAVE datasets: its utility depends not only on assay performance, but also on the
availability of a sufficiently sized and well-curated clinical truthset spanning both pathogenic
and benign variation. In the case of POT1, the combination of stronger clinical annotation, a
larger number of observed coding variants, and the availability of variants that could be
classified with confidence made quantitative calibration feasible. By contrast, for TINF2, the
small gene size, rarity of clearly classified variants, and limited benign comparator set
restricted formal calibration, even though the functional dataset itself was informative. Thus,
the limiting factor for ACMG/AMP-style analysis is often not the generation of high-quality
MAVE data per se, but the minimum volume and quality of independent clinical evidence
required to anchor assay scores to pathogenic and benign classes. However, as increasing

clinical classifications are deposited and shared publicly, for example via ClinVar, it is hoped



expanded truthsets can be constructed over time, and the performance of MAVEs re-

quantified more robustly, and potentially at higher evidence strengths.

Overall, it is evident that this is a rapidly evolving field, and ongoing efforts are actively
reshaping how MAVE data are standardised, calibrated, and incorporated into clinical variant
interpretation. One such recent advance is the work by Zeiberg et al.*®, which addressed a
key limitation in the clinical application of MAVE: the assignment of a single evidence strength
to all variants exceeding an assay threshold. The authors introduced a gene-based calibration
framework that converts continuous MAVE scores into variant-level ACMG/AMP PS3 and BS3
evidence strengths by estimating gene-specific pathogenicity priors and likelihood ratios. This
approach replaces assay-wide thresholds with quantitative, variant-specific evidence
assignment, enabling more accurate and tailored interpretation of functional data for clinical
use. Complementing this, Calhoun et al.*” proposed a structured framework for combining
multiplexed functional data from multiple MAVE for the same gene, illustrated using four TP53
assays, to generate integrated functional scores that increase PS3/BS3 evidence strength and
reclassify additional VUS, further maximising the clinical utility of MAVE datasets. This is
further supported by recent gene-specific calibration approaches, such as acmgscaler, which
map functional scores directly onto ACMG/AMP evidence levels®®. In parallel, ongoing
international and national efforts led by ClinGen and initiatives such as CanVIG-UK are
improving clinical translation through data sharing, standardisation and consensus

interpretation, highlighting the increasing clinical utility of MAVE?3°,

SHARING SGE DATA AND IMPROVING CLINICAL USABILITY OF MAVE
RESOURCES

For SGE data to have clinical value, functional scores must be shared through stable and

accessible resources rather than existing only within individual studies.

Recent guidance emphasises that clinical utility depends not only on assay quality but also on
how variant effect data are released, as formalised in the guidelines proposed by Livesey et
al.* for variant effect predictors (VEP) that are also relevant to MAVE. It is emphasized that
variant effect data should be freely accessible, transparently generated, and accompanied by
sufficient documentation to support independent evaluation and reuse. Although these
guidelines were developed for computational tools, the same principles apply to functional
datasets: scores should be reported relative to standardized reference sequences (e.g. MANE
transcripts), use consistent variant nomenclature (e.g. HGVS), and include clear explanations

of what the scores represent biologically.



Barriers to clinical use of functional data remain substantial. A survey of professionals involved
in variant interpretation found that, although most clinicians use functional evidence, two-thirds
reported that suitable functional data were rarely available when needed*'. High-throughput
functional assays were the category respondents felt least comfortable interpreting, despite
their increasing prevalence*”. The most common obstacles were limited access to
standardized functional evidence, uncertainty regarding data quality, and lack of confidence
in how results should be interpreted. Clinicians expressed strong demand for standardized
interpretation, transparent performance metrics, and centralized access to primary data,

particularly through resources linked to ClinVar.

To support this need, infrastructure for sharing MAVE data has expanded considerably.
MaveDB* now serves as the primary community repository for multiplexed functional data
and hosts over seven million variant effect measurements that are largely released under CCO
licence*, enabling unrestricted reuse. In parallel, MaveRegistry*® provides a coordination
platform for the MAVE community by enabling target nomination, project registration and real-
time progress tracking, helping to reduce duplication and promote collaboration across

laboratories.

Together, these developments indicate that while technical barriers to sharing MAVE data are
diminishing, clinical adoption depends on high-quality annotation and contextual metadata. In
line with these principles, the SGE datasets generated in this thesis will be deposited in
MaveDB and CanVIG-UK following publication and, where appropriate, linked to UKBB
analyses to support transparency, reusability and clinical relevance. Broad sharing of

calibrated functional data is therefore key to improving clinical interpretation of rare variants.

RESOLVING VUS USING MAVE DATA

Once MAVE data are interpreted within the ACMG/ClinGen framework, their main clinical
value is the reduction of VUS*6. Clinical and population-scale studies show that VUS account
for roughly half of all reported variants and are more frequent among individuals of non-
European genetic ancestry*®4’. Unresolved VUS create uncertainty, unnecessary clinical

interventions, and inconsistent communication of variant interpretation*®-",

Gene-specific MAVE studies show that calibrated functional maps can resolve a substantial
proportion of VUS. Integration of MAVE for BRCA 152, TP53%, MSH2%, DDX3X"", BAP1'® and
RAD51C"? into ClinGen/ACMG frameworks led to reclassification of approximately 50-90% of
variants. Beyond reclassification, Ranola et al.>* showed that even when MAVE data do not

substantially change ACMG classifications across a gene, they increase confidence by



providing evidence and reducing uncertainty across many variants. Thus, MAVEs improve not
only classification outcomes, but also the certainty of overall evidence applied to all variants

in the gene.

Extending these findings, the SGE data in this thesis distinguish variants with strong functional
effects from those with no measurable impact and support reinterpretation alongside
population frequency, tumour history and segregation evidence. In POT1, where over half of
ClinVar coding variants were previously classified as VUS, SGE enables reassessment of
nearly 90% of VUS, including rare missense and synonymous variants. In TINF2, functional
profiling of cancer-relevant domains similarly identifies variants with likely LoF effects where

clinical and functional evidence remains currently limited.

At a broader level, although single-gene studies such as those presented here demonstrate
the effectiveness of MAVE, they have not directly addressed ancestry-related disparities in
variant interpretation. This gap was addressed by Dawood et al*® who applied an
ACMG/ClinGen-based pipeline incorporating calibrated MAVE data for BRCA1, TP53 and
PTEN to reclassify VUS from the All of Us and gnomAD®® cohorts. Using standardised MAVE
scores as PS3/BS3 evidence, rather than heterogeneous functional assays, led to higher
reclassification rates for VUS from individuals of non-European-like ancestry and eliminated
ancestry differences in unresolved VUS. In contrast to allele frequency and computational
prediction criteria, which showed systematic bias, MAVE data operated equitably across
populations, demonstrating that functional evidence can reduce ancestry-related uncertainty

independently of population representation in reference databases.

These findings show that experimentally derived functional MAVE evidence improves VUS
resolution and diagnostic utility and promotes more consistent variant interpretation across
populations. In this light, this thesis envisions that the SGE data for POT71 and TINF2 may
contribute to resolving uncertainty in the interpretation of rare germline variants and to

supporting clinical decision-making across healthcare settings worldwide.

INTEGRATING SGE DATA INTO CLINICAL MANAGEMENT OF TELOMERE-
ASSOCIATED CANCER

Beyond variant classification, SGE data have clear potential for clinical risk stratification and
translational decision-making. In this thesis, SGE scores provide quantitative functional
evidence that can support ACMG/AMP PS3/BS3 assignment and prioritise variants for further
evaluation, when integrated with clinical and familial context, to inform genetic counselling and
surveillance. Importantly, this utility extends beyond individual patients: functional

characterisation can guide cascade testing within families and, support a targeted, phenotype-



driven testing strategy, as pathogenic POT1 (and TINF2) variants are rare overall but enriched

in clinically defined high-risk groups.

Nevertheless, functional evidence alone is insufficient for clinical decision-making, and SGE
results should be interpreted within a broader clinical context. For POT1, data from this work
support targeted dermatological surveillance in families at increased risk of melanoma, with
consideration of associated malignancies, including haematological cancers and glioma®%7,
Although TINF2 is not yet suitable for routine inclusion in cancer gene panels due to the
scarcity of validated pathogenic variants, SGE provides a forward-looking functional resource
to support interpretation of newly identified variants and to help guiding future development of

tumour surveillance guidelines.

SGE HAP1-A5 CELL MODEL LIMITATIONS

While this work provides a systematic functional analysis of variants in POT17 and key regions
of TINF2, several limitations should be considered when interpreting the results and assessing

their clinical applicability.

As outlined in Chapter 1, POT1 and TINF2 CPLT variants are predominantly heterozygous
and act mainly through partial LoF, with phenotypic consequences shaped primarily by the
affected functional domain and cellular context, including replicative tissue demand and levels
of telomerase expression. The haploid HAP1-A5 cell model evaluates each allele in isolation,
in the absence of a wild-type allele. As a result, variants that impair telomere maintenance
through partial protein insufficiency, impaired assembly of shelterin complexes, subtle defects
in telomeric processing, or mechanisms that depend on allelic interactions may not reach the
threshold required to produce measurable fitness effects in this assay, despite being clinically
pathogenic®®. Accordingly, the assay preferentially detects strong LoF effects, while gain-of-
function (GoF), neomorphic, or dominant-negative variants may be underrepresented if they

do not confer a measurable fitness disadvantage.

Some of these constraints are reflected in the observation that clinically established TBD
variants®®®® scored as functionally neutral/unchanged in the assay, indicating that certain
pathogenic mechanisms underlying TBD are not captured by the HAP1-A5 fithess-based

readout. Multiple features of the assay are likely to contribute to this.

First, HAP1-A5 cells have impaired classical non-homologous end joining (C-NHEJ) due to
LIG4 deletion, a modification required for efficient homology-directed repair (HDR) and thus

enabling endogenous SGE. However suppression of C-NHEJ also biases DNA repair toward



alternative NHEJ (A-NHEJ) or microhomology-mediated end joining (MMEJ), via LIG3-
associated processes®'. As a consequence, telomere end-protection defects are more likely
to result in error-prone fusion events, such that the assay preferentially detects variants that
reach a viability-limiting threshold of telomere uncapping, rather than variants whose primary

consequence is progressive telomere erosion®?.

Second, the 21-day screening window was selected to optimise sensitivity to strong functional
defects while minimising spontaneous diploidisation but is likely insufficient for substantial
telomere attrition to develop®. In addition, the near-haploid HAP1-A5 background may
influence assay behaviour. HAP1 cells are derived from the KBM7 lineage and retain residual
non-haploid genomic regions, and although haploid populations can be maintained, they are
subject to ploidy instability during extended culture®-%. Importantly, apparent “diploidisation”
reflects the selective outgrowth of higher-ploidy cells with a proliferative advantage rather than
frequent genome duplication events, resulting in progressive karyotypic heterogeneity over
time®”¢8, This raises the possibility that background genetic variation or structural alterations
elsewhere in the genome could modify the observed effects of engineered POT17 or TINF2
variants. Although there is no clear evidence that haploidy per se imposes a distinct telomere-
maintenance programme, altered gene dosage in a near-haploid context may shift the
threshold at which telomere dysfunction translates into measurable fitness effects. In future
applications, maintenance of haploidy could be further stabilised through approaches such as
sorting via flow cytometric enrichment®® or the use of small molecules (e.g. 10-
deacetylbaccatin-1ll (10-DAB IlI) or Diclazuril) that selectively favour haploid cell populations®?,

potentially reducing confounding effects of ploidy drift during screening.

Third, HAP1-A5 cells are immortalised and have very long telomeres, whereas individuals with
TBD typically present with short telomeres prior to disease onset®®7°. Because short-telomere
syndromes are driven primarily by cumulative telomere erosion, rather than catastrophic end-
joining, this difference in baseline telomere length reduces the probability that variants whose
main effect is progressive telomere attrition will manifest as fitness defects within the assay
window”'"3, Fourth, HAP1-A5 cells do not recapitulate the cell-type—specific biology of tissues
commonly affected in telomere disorders, such as melanocytes, glial cells, lung tissue or
haematopoietic lineages. Tissue-specific factors such as telomerase activity, DDR signalling
and chromatin state are likely to influence variant behaviour in vivo and may contribute to the
disease-specific phenotypes observed in patients’7°. In addition, telomere-related variants
may exert disease effects under conditions of replicative and metabolic stress, or inflammatory
signalling, none of which are modelled or controlled in baseline culture. Overall, while SGE is
highly effective in HAP1-A5 cells, modelling short-telomere TBDs (e.g. DKC1- or RTEL1-



associated dyskeratosis congenita) is likely to require diploid fibroblast-based systems such
as WI-38 or IMR-90, including SV40- or E6/E7-immortalised derivatives, which could better
recapitulate telomere attrition-driven pathology®. Future studies combining longer-term
assays, lineage-specific models, together with controlled perturbations of cellular stress

states, will be needed to capture these dimensions of telomere biology’®.

More generally, functional effects measured in a single model system cannot fully capture the
clinical consequences of a variant. In patients, variant effects are likely to be shaped by
broader genetic context, including differences in telomere gene expression, allelic dosage,
additional germline or somatic variants in interacting pathways, and other epistatic effects that
may modify penetrance or phenotype. As a result, some variants may behave differently in
vivo than in the HAP1-A5 assay. This does not diminish the value of SGE but emphasises that
these scores should be interpreted as context-defined functional evidence and integrated with

orthogonal molecular and clinical data when used for clinical variant interpretation.

FUTURE DIRECTIONS IN SGE AND MAVE STUDIES

Ongoing technological and conceptual advances are rapidly expanding the scope and clinical
relevance of MAVE approaches. Several priorities, therefore, emerge for extending the impact

of SGE in telomere biology and related disease contexts.

MOVING BEYOND CELL FITNESS: RICHER PHENOTYPES FOR TELOMERE
BIOLOGY GENES

In this thesis, variant effects were measured primarily through cellular fitness, leveraging the
sensitivity of HAP1-A5 cells to acute telomere dysfunction. While this approach identified
strong LoF variants, it could not resolve mechanistic subclasses of telomere dysfunction.
Despite validation in Chapter 4 showing telomere elongation and increased telomere-induced
foci (TIFs) in HAP1 cells carrying deleterious POT1 variants, broader phenotypic resolution is
still required. As discussed in Chapter 2, MAVE can be increasingly extended beyond
essentiality screens to include transcriptomic, imaging-based and multi-omic phenotypes. This
will be particularly important for telomere genes, in which CPLT and TBD reflect distinct
mechanisms affecting telomere length, end protection, replication stress, and DDR. Pooled
SGE strategies could be extended to assay variants contributing to telomere damage,
including TIF formation measured by multiplexed imaging of yH2AX/53BP1 and shelterin
components’”’®. Telomere length could be explored as a functional endpoint using flow

cytometry with fluorescence in situ hybridization (FLOW-FISH)-based stratification, with



downstream analysis of variant distributions across telomere-length fractions’, enabling
detection of variants whose primary effects on telomere maintenance may not translate into
acute fithess defects. Conceptually, this type of readout could be implemented in pooled
MAVE formats by coupling quantitative telomere measurements to variant identity through
sorting or imaging-based approaches. For example, recent optical pooled screening strategies
combining telomeric DNA FISH with in situ sequencing demonstrate that telomere-associated
fluorescence intensity can be measured at single-cell resolution and directly linked to specific
genetic perturbations within a pooled population®, enabled by the use of expressed guide
RNA barcodes that are read out via in situ sequencing. In such frameworks, cells can be
stratified based on telomeric signal intensity, serving as a proxy for telomere length or ALT
activity, and variant enrichment across these strata quantified by sequencing®. In parallel,
sequencing-based approaches such as long-read telomere profiling (e.g., Telo-seq) provide
high-resolution measurements of telomere length at the level of individual chromosome arms
and could, in principle, be integrated into future MAVE frameworks. However, this method
currently lacks variant-level barcoding and has not yet been adapted for pooled single-cell
screening, highlighting a trade-off between resolution and scalability®’. Complementary to this,
single-cell RNA sequencing could assess transcriptional stress responses and RNA-level
defects, including splicing disruption and NMD, linking variants to intra cellular pathways and
cellular states'®. However, not all sequencing-based readouts are directly informative for
telomere length. recent work®2 has shown that telomere-like reads in single-cell ATAC-seq do
not reliably report telomere length, but instead largely reflect subtelomeric accessibility and
broader chromatin condensation state. This suggests that ATAC-derived telomeric signals are
more likely to serve as an orthogonal readout of chromatin state than as a direct pooled

measure of telomere length.

Together, these advances suggest that imaging- or flow-based proxies of telomere length
currently represent the most tractable route for incorporating telomere length as a quantitative
phenotype in pooled MAVE designs. While substantial methodological development will be
required to achieve the necessary throughput and robustness, these strategies provide a clear
conceptual framework for extending MAVE beyond traditional fitness-based assays and

towards richer, phenotype-resolved interrogation of telomere biology genes.

EXPANDING GENOMIC SCOPE BEYOND CODING REGIONS: CONTEXT- AND
ISOFORM-AWARE FUNCTIONAL MAPPING

Although coding variants account for most clinically reported alterations in POT1 and TINF2,

they represent only a small fraction of the mutational landscape. The contribution of regulatory



variation, such as effects on gene expression, RNA processing, and transcript usage, remains

largely unresolved’>73,

Several experimental frameworks have now been established to functionally interrogate non-
coding DNA at scale. CRISPR tiling™*"® and CRISPR interference/activation (CRISPRi/a)’+-"®
perturb endogenous regulatory elements, while massively parallel reporter assays (MPRAs)""~
82 quantify the transcriptional activity of thousands of sequences in parallel. These approaches
have revealed functional variants in promoters, enhancers’®"8, silencers’, untranslated
regions (UTRs)®8 and splice junctions®'8-8  showing that a subset of rare non-coding
variants can exert substantial regulatory effects®”. An example is the TERT promoter, where
recurrent non-coding variants create de novo transcription-factor binding sites, enhancing
TERT promoter activity and increasing transcription®. MPRAs confirmed the transcriptional
consequences of these variants®®, highlighting that pathogenic processes in telomere biology

can originate from regulatory rather than coding variation.

Beyond regulatory control, non-coding variants can also influence alternative splicing and
transcript isoform usage, producing disease-relevant transcripts with distinct exon structures,
UTRs, or regulatory profiles. Most functional screens target only a single canonical transcript,
meaning that variants altering isoform abundance or splicing patterns may escape detection,
as shown for certain cancer-susceptibility genes, where isoform context modifies
pathogenicity®®®'. Emerging transcript-resolved methods combining isoform-selective editing,
long-read RNA sequencing, and quantitative transcriptomics®%, could improve the detection
of clinically relevant splicing and expression effects. For telomere-maintenance genes, whose
isoform expression varies across tissues and developmental stages®%, such approaches

may refine genotype—phenotype interpretation.

Despite these advances, translating non-coding and isoform-level functional data into clinical
variant interpretation remains an evolving goal. The primary challenge is the limited number
of benign and pathogenic regulatory variant truthsets needed for assay calibration and
benchmarking within clinical frameworks®. Furthermore, the regulatory impact of non-coding
and isoform-dependent variants is highly context-specific, influenced by chromatin state, 3D
genome organization, and cell-type-specific transcriptional programs. Therefore, future
MAVEs must integrate both regulatory and transcript-level analyses and interpret their
readouts within the endogenous chromatin and transcriptional context to achieve

comprehensive variant interpretation®”%7,



FUNCTIONAL EXPANSION BEYOND HDR-BASED SGE

SGE represents one implementation within the broader MAVE framework. Complementary
genome-editing approaches, including base and prime editing, expand the range of variant
classes that can be interrogated and extend functional analysis beyond HDR-based designs.
Base editing’®'"% enables high-throughput installation of single-nucleotide variants, while
prime editing’"~"'* allows access to variant classes that are difficult to interrogate by SGE,

including small insertions, deletions and splice-altering mutations.

MAVE technologies have also been applied to diploid models, including large B-cell ymphoma
lines (DLBCL)'"® and human mammary epithelial cells (HMECs)'"®. These assays could
capture dominant-negative, GoF and hypomorphic variants in a heterozygous context, making
the scores directly relevant for clinical interpretation in the corresponding tissues. However,
applying MAVE in diploid systems also led to reduced editing efficiencies, mixed allele states,
limited genomic coverage, and greater context dependence of functional readouts,
highlighting not only the need for optimized editing and more informative phenotypic assays,
but also the importance of model selection. An important consideration is that variant effects
may not be fully conserved across cellular contexts. The original BRCA1 SGE study''” was
performed in haploid HAP1 cells and established the power of endogenous editing for clinical
variant classification, but more recent work by Dace et al.""® suggests that a substantial subset
of BRCA1 variants show discordant behaviour between HAP1 and HMEC models, with many
variants that impair function in HAP1 appearing neutral in mammary epithelial cells.
Importantly, these discordant variants were shown to be hypomorphic and associated with
intermediate cancer risk, rather than representing false-positive functional effects. These
findings indicate that functional consequences can depend on lineage-specific biology, gene
dosage, and the particular cellular dependencies of the model system, including
compensatory DNA repair pathways and alternative splicing mechanisms present in specific
cell types, and therefore support the inclusion of disease-relevant cell types when interpreting
variants in cancer predisposition genes. More broadly, comparison across cell types can refine
variant classification by distinguishing high-penetrance loss-of-function alleles from variants
conferring reduced or context-dependent risk. For telomere biology genes, this is likely to be
especially important, given the marked differences in telomerase activity, replication stress,
chromatin state, and proliferative demand across tissues implicated in melanoma, glioma,

haematological malignancy, and pulmonary fibrosis.

Moreover, recent work by Fayer et al.''® developed an induced pluripotent stem cell (iPSC)-
based SGE framework that edited over 1,500 variants into MYBPC3 and POLG and measured

their effects in cardiomyocytes, neurons and cardiac organoids. By extending saturation-scale



endogenous editing beyond monolayer cultures, this study demonstrates that MAVE can be
performed in systems that partially recapitulate tissue organisation and multicellular context.
Together, these findings establish the feasibility of interrogating variant effects in disease-
relevant cellular environments, providing a foundation for analogous studies of telomere
biology genes in lineages implicated in melanoma, haematological malignancy and

glioma104,118

MACHINE LEARNING AND MAVE

As multiple MAVE datasets accumulate for the same gene, it is increasingly clear that no
single assay captures all disease mechanisms'®. This limitation is well illustrated by studies
of TP53, where saturation mutagenesis across multiple cellular contexts showed that while
variants with severe functional consequences are consistently detected, many missense
variants exhibit subtle or context-dependent effects that are not resolved by any single
assay''®. To address this, model-based integration approaches have been developed that
combine multiple independent MAVE datasets into a unified functional score per variant using
machine learning (ML) classifiers''®'2°, Such integrated scores improved discrimination of
pathogenic and benign ClinVar variants and enhanced application of ACMG/ClinGen

functional evidence codes.

Beyond gene-specific integration, ML frameworks increasingly leverage large-scale
sequence features, population frequency data, and available MAVE resources to enable
scalable prediction of variant effects across many genes'%-""", In this context, experimentally
derived MAVE data serve as essential anchors for model training, validation, and calibration,
ensuring that predictions remain grounded in empirical functional evidence rather than purely

in silico inference.

Despite this increasing integration, divergence between MAVE-derived functional scores and
machine learning-based variant effect predictors is still observed. As discussed in Chapter 1,
in silico tools such as AlphaMissense'"'??2 and related predictors'?® are scalable and
informative'?*, but they remain indirect models based largely on sequence conservation and
structural features and may disagree with one another or overestimate pathogenicity for
variants with limited functional impact. By contrast, SGE measures variant consequences
experimentally at the endogenous locus and can therefore detect effects on cellular fitness,
splicing, and transcript regulation that are not fully captured by protein-level prediction alone.
As a result, discordance may arise for variants with context-dependent or mechanism-specific
effects, or where predictors over- or under-estimate functional impact'?>-'28, Importantly, such

divergence is not necessarily indicative of error in either approach but highlights the



complementary nature of experimental and computational methods and provides a basis for
prioritising variants for further functional investigation. ML can leverage this by using existing
MAVE data to guide the prioritisation of future functional assays. By training models on MAVE-
derived scores together with sequence features and genomic annotations, variants and
genomic regions, including non-coding elements, can be prioritised according to their
likelihood of vyielding informative functional effects. This enables a more efficient and
hypothesis-driven deployment of saturation mutagenesis, reducing experimental scale and

cost while retaining empirical functional assays as the primary source of evidence.

CONCLUSION

This thesis demonstrates that SGE is a practical and scalable approach for the functional
interpretation of rare variants in telomere-associated cancer genes, generating high-resolution
endogenous variant effect maps for POT7 and TINF2 that capture functional consequences

at nucleotide resolution.

SGE of POTT1 revealed that variant effects span a continuum of functional impact rather than
conforming to a binary pathogenic-benign model. The degree of functional depletion
correlated quantitatively with telomere elongation and cancer risk in population-based and
familial datasets. Importantly, this work represents the first functional genomics screen to
directly link quantitative cellular phenotypes to variant penetrance at the population level,
integrating SGE-derived functional severity with UKBB data, familial cancer cohorts and
pedigrees, as well as telomere length and telomeric DDR signalling. Together, these analyses
provide empirical support for a proportional model of genetic risk in telomere-associated

cancer predisposition.

SGE of TINF2 identified functionally constrained protein-protein interaction surfaces within the
shelterin complex and provided experimental support for the pathogenicity of both established
and newly identified variants. The work presented here refined the tumour spectrum
associated with TINF2 disruption and demonstrates the value of functional evidence in genes

where clinical data is sparse, and variant interpretation remains challenging.

A central contribution of this work is the integration of SGE data with established clinical variant
interpretation frameworks. For POT1, functional scores were quantitatively calibrated to
ACMG/AMP criteria, providing PS3/BS3-weighted evidence and demonstrating that SGE can
meet key requirements for clinically relevant functional assays when appropriate truthsets are

available. Across both assayed genes, SGE data reduced the burden of VUS by supplying



objective functional evidence in settings where clinical and population data alone are

insufficient.

At the same time, this work highlights important constraints of the HAP1-A5 haploid fitness-
based model, which is sensitive to cancer-predisposition mechanisms and does not capture
the full spectrum of TBDs. These limitations underscore the need to view SGE as one
component of a broader functional MAVE toolkit, complemented by alternative model systems,

phenotypic readouts, and assay designs.

Overall, this thesis establishes experimentally grounded functional evidence for the
interpretation of genetic variation in POT71 and TINF2. While further work extending these
methodologies and analytical frameworks to additional variant classes, cellular models, and
clinical cohorts will be required, the findings presented here demonstrate that high-throughput
functional genomics can substantially reduce diagnostic uncertainty and strengthen the clinical
interpretation of rare variants in hereditary cancer genetics. In doing so, this work positions
SGE as a practical translational bridge between genomic discovery and clinical decision-

making in telomere-associated cancer syndromes.
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