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The genes that contain the driver mutations that | sSSP S —

contribute to the disease process are traditionally | ... e ’

classified either as ‘tumour suppressors’ (TS) Or |  ratmm oiese : 1 1 1 1 1

as oncogenes (OG), depending on their role in | tess ; ; : : :

cancer development. i :

Gain-of-function (GOF) variants increase the | o : :

activity of the mutated protein, while loss-Of- | roulreatue i ¥ * N ° Y ” A

function (LOF) variants result in partial or | — orowe-os

complete inactivation of the protein (Sevim Bayrak | | |~ GOF/LOF/Neutral e

et al., 2021). o s

When mutations resul’_t In the loss of funclion | = - - - - = = = Figure 4. Ensemble Methods Outperform Single-Estimators

(LOF) of the protein pr_OdUCtS of tumour | tesene . - - h B B ” in Predicting Functional Impact of Genetic Variants

SUPPressors, cancer progression occurs. Table 2. Distribution of GOF, LOF, Neutral Datasets with Training Features Class MM
F 0.9 0.81

LO Training 0.85

m 0.78 0.74 0.76

Validation

Methods and Materials

In this study, | utilised an Iinherited dataset (Genes not in training) 0.88 0.55  0.67

T - : Distribution of Pfam domain types found in GOF mutations .
consisting of 2908 missense variants and LOF Training 0.89 091 0.9

spanning across 243 genes. My LOF and GOF Clomial) 23%)
mutations were selected with a literature review. :L;:'Tm(j;:/')'“’”‘)“3” N 0.81 072 0.76
For the neutral dataset, | employed data from ® Other (13.6%) (Genes not in training) 0.28 I -
gnomAD. The goal was to identify a group of ® PTPc. proximal (Tyrosie phosphatase NEU Training e a6 | O
mutations that would likely have minimal impact on ® Prinase (ot knase omai) (42%)
protein structure or function. : ;“(R:"nff’y)zmtj’) (nase) (1.0%) 0.66 086  0.74
RasGEF (Guanine nucleotide exchange factor) Validation . -

| used several tools and resources to annotate a 2 oy 2 20% — R—
broad set of features. | mainly used variant-level SH3_1 (Src homology 3 domain) (1.4%) Figure 5. LightGBM Performance on Training and Validation Gene Sets
features and protein-level features. fi-Score Comparison Across Different Scenarios ]
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In this study, we utilised the main existing

prediction algorithms, namely FATHMM cancer, 081
FATHMM disease, and Mutation Assessor, to
derive features for our analysis. The details of the
features can be seen in Table 1. These algorithms

provided valuable insights into the potential impact Distribution of Pfam domain types found in LOF mutations 041

and assessment of mutations in the context of ;

Figure 1. Distribution of Pfam domain types found in GOF mutations.
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@ GDSL-like Lipase/Acylhydrolase family (4.7%)
0.2 1

cancer and disease. Hepatocyte nuclear factor 1 (HNF-1), beta

isoform C terminus (3.7%)
Major Facilitator Superfamily (MFS_2) (2.5%)
0.0 -
@ No Pfam Hit (No domain detected) (28.2%) LOF GOF NEU

| used 6 different types of classifiers on this work
and compared their performance to discriminate
between the different classes of 7 different
datasets. The aim is to uncover molecular
mechanisms linked to cancer diagnosis, prognosis,

Ol Figure 6. Comparison of F1 Score Among Training and Validation Sets
® P53 DNA-binding domain (11.3%)

@ Protein kinase domain (4.8%)
@ Runt domain (5.0%)

The LightGBM model demonstrates strong performance on

the training set across all classes, with F1-scores of 0.85
(LOF), 0.90 (GOF), and 0.86 (NEU). Performance

Tyrosine phosphatase (2.2%)

and treatment. \WDldomaln, G.beta repeat (3:2%) decreases on validation sets, particularly for unseen
von Hippel-Lindau tumour suppressor (VHL) genes.
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HMM Weights D. The pathogenicity weights of disease F1 -SCcore fOr Va||dat|0n GOF on unseen geneS N EU
A s @, | peilplaty ol o fpRss iz generalises best (0.75), LOF shows a noticeable decline
rob W. h ntial im f wild min id on protein function
HMM Prob W. The potentia pact o type a 0 acid on prote ctio (067), and GOF drOpS Sharply (038)
HMM Prob M. The potential impact of mutated amino acid on protein function
_ HMM Weights D. The pathogenicity weights of disease . . . . . . . These reSUItS highlight that While the mOdel reliably
_ o nctonat et combined scor Figure 2. Distribution of Pfam domain types found in LOF mutations identifies NEU variants, caution is needed for GOF
— — , , predictions on novel genes, and LOF predictions may
PSIC Scorel Position Specific Independent Counts score for wild type amino 014 . . L
acid | require further refinement to help reduce overfitting.
PSIC Score2 PSIC score for mutant amino acid residue
dScore The different between Scorel and Score2 0127 ®
Transv Assess whether a substitution is a transversion c O n C I u S I o n
CodPos Evaluate the position of the substitution within a codon 0.10 -
CpG Predicts whether a substitution changes the CpG context. %
RSA T ——— » Our aim has been to analyze the characteristics of
- soiolte sovent accessble res ) GOF and LOF variants, identify potential
phi e dihedral angles phi L. . . . . .
psi the dihedral angles psi distinguishing features, and discuss the biological
p[g3_H] Prediction of three-state secondary structure for Helix implicatiOnS Of th ese Characteristics in te rmS Of their
conformation 0.04 . . . . .
plq3_E] Prediction of three-state secondary structure for strand ContrIbUtlon to prOtel n galn and |OSS Of fu nCtlon by
conformation - L - using Machine Learning Methods.
plg3_C] Prejlctlo:. of three-state secondary structure for Coil > Th|S StUdy'S flndlngS are expected tO enhance Our
contormation —— fathm_cancer Score s HMM Prob. M. —+— p[q3 _E] . .
Disorder structural disorder :__ fHa;hMm#zgir;;egl—scm - :fa‘:l‘l’l‘:; change delta delta G : :':5[%:3 " UnderStandlng Of hOW GOF and LOF va rlantS aﬁ:eCt
[Alphanvissense W am_pathogenicity  Alphabissense pathogenicty T Lo b o T weights 0 Dl protein function and contribute to disease
_ Stability Change AAG The predicted free 'en.ergy changg in the. protein when —s— am_pathogenicity —o— psi . . . ] . . . ]
the reference amino acid is replaced with the variant » Limitation of this study is using missense mutation
Table 1. Prediction Databases for GOF/LOF/Neutral Figure 3. Relative importance of the features used in different classes data.
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