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Introduction

Essential genes (EGs) are generally defined as necessary genes for the
growth and survival of any organism or cell.

⌅ Some genes are essential only in specific contexts, represented by
environmental and/or genetic conditions.

⌅ The identification and contextualization of essential genes is
particularly relevant in genetics, and it has many implications in
system biology and precision medicine.

⌅ CRISPR Cas9 gene silencing is the state-of-the-art technique for
measuring gene essentiality in in-vitro cell lines.

⌅ We propose the Human Gene Essentiality Labelling & Prediction
(HELP) framework: a library of tools and methodologies for
identification and prediction of common EGs and context-specific EGs.

,
BBCC2024 - Naples, 27-29 November 2024 M. Giordano (ICAR-CNR) 2 / 15



Introduction Approach Results Conclusions References

Proposal

⌅ A new identification method of context-specific EGs based on the
processing of CRISPR Cas9 gene e↵ect scores.

I ... few identification methods based on CRISPR scores capture
context-specificity of EGs (cell/tissue/disease).

⌅ A new ML prediction method of context-specific EGs exploiting gene
multi-omics and PPI-network information.

I ... CRISPR experiments are costly, time-intensive, and limited to in vitro
models availability... prediction models compensate for these limitations.
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The EG identifier

⌅ EG identification uses as input data the
CRISPR Cas9 gene e↵ect scores

⌅ cell-specific labels: scores are binarized using a
per-cell Otsu thresholding [1].

⌅ cntx-specific labels: modes of cell-specific labels in same cntx

⌅ organism-wide labels: modes of cntx-specific labels.
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Tissue-specific EGs

⌅ context-specific EGs (csEGs) are genes annotated as “essential” by
HELP EG identifier in a specific context (tissue/disease)

⌅ common EGs (cEGs) are csEGs shared with the organism-wide EGs
(all cell lines), while uncommon csEGs (ucsEGs) are those not shared.

⌅ very uncommon csEGs (vucsEGs) are context-specific EGs not shared
with any other context (including the organism-wide cntx).

tissue kidney lung brain
TPRucsEG 80% 75% 67%
TPRcsEG 90% 91% 90%
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Disease-specific EGs

⌅ We identified context-specific EGs in
Lung Neuroendocrine Tumor (NET) and
Non-Small-Cell Lung Cancer (NSCLC).

⌅ NET-specific EGs enrich pathways
related to cellular respiration and energy
production.

⌅ NSCLC-specific EGs are significantly
di↵erentially expressed when comparing
the two NSCLC subtypes (LUAD and
LUSC) wrt normal samples.
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Comparison with SOTA common EGs

Overlaps of cEGs annotated by HELP with state-of-the-art common EGs
(CEN-tools [2], Behan2019 [3], Hart2017 [4], and Sharma2020 [2])

⌅ 324 shared genes.

⌅ large coverages of HELP with more recent and less stringent cEGs

annotations ( CEN-tools & Sharma2020 ) (970/999 genes).
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The EG predictor: gene features

⌅ Bio : mixed attributes:
I Structural (gene length, GC content, Transcript count)

I Expression (GTEX cntx, UP Tissue, OncoDB expr, HPA cntx))

I Function/Localization (GO-MF, GO-MF, GO-MF, KEGG, REACTOME)

I Interaction (BIOGRID, UCSC TFBS)

I Association with disease (Driver genes MUT, Driver genes CNV,

Driver genes MET, Gene-Disease association)

I Conservation (Orthologs count)

⌅ CCcfs : subcellular localisation confidence scores (COMPARTMENT[5]).

⌅ N2V : 128 attributes (node embeddings) computed by Node2Vec [6]
on Tissue-specific PPIs from Integrated Interaction Database [7].
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The EG predictor: the model

⌅ We developed a new machine learning method: the Splitting Voting
Ensemble learner (SVELearn) [8] to cope with unbalanced data:

I splitting the training dataset into n balanced sub-datasets based on the
unbalancing ratio of essential to non-essential genes

I combining predictions (soft-voting) of a set of n learners trained on the
balanced sub-datasets.

I Light Gradient-Boosting Machine [9] is the base learner of the ensemble
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Results: prediction varying gene attributes

⌅ csEGs prediction performance trend with di↵erent gene sets for
training (on kidney, lung, brain and organism-wide contexts).

I BA is the mean of Specificity and Sensibility
I CCcfs and Bio attributes provide highest and lowest BA

I best BA by combining all features ( Bio+CCcfs+N2V ).

. .
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Conclusions

⌅ HELP is a library of tools and methodologies to address the
identification and prediction of common EGs and context-specific EGs.

⌅ We demonstrated HELP’s e↵ectivity in an organism-wide context,
three human tissues and two types of lung cancer.

⌅ EG identification & prediction of HELP validated by comparison with
state-of-the-art methods:

I identification methods: CoRe ADaM/FiPer [10], OGEE[11]
I gold standard annotation: Sharma2020, CEN-tools [2]
I prediction methods: DeepHE [12], CLEARER[13], EPGAT[14]

⌅ Ongoing works:
I exploring intermediate classes of essentiality
I extend investigation on more diseases
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Thank you ... Q & A

Citation
HELP: a computational framework for labelling and predicting human
common and context-specific essential genes I. Granata, L. Maddalena, M.
Manzo, M. R. Guarracino, and M. Giordano. PLOS Computational Biology,

20(9) - September 2024, https://doi.org/10.1371/journal.pcbi.1012076

HELP software

SVELearn software
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