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Abstract

Clustered Regularly Interspaced Short Palindromic Repeats (CRISPR) is a novel method of
targeted gene modification within the cell's genome using guide RNAs (gRNA). One of
CRISPR applications is using single guide RNA (sgRNA) directing the unit to a specific
genome location, inhibiting the function of the gene. This mechanism has been used recently
in cancer screening, where individual genes can be targeted across defined genomic sites.
Due to variations in experimental protocols and sgRNA targeted genes, there is no direct
method by which to compare the results across datasets. Hence, in this study, two edgeR-
based pipelines were constructed that would allow for direct comparison between two
genome-wide CRISPR screening datasets of colorectal carcinoma, the Wellcome Sanger
Institute’s (Sanger) and the Broad Institute's DepMap (Achilles) datasets. The Achilles
results from edgeR were also compared to Model-based Analysis of Genome-wide
CRISPR/Cas9 Knockout (MAGeCK) for comparison and validation of the edgeR results. The
pipelines successfully identified overlapping genes across datasets associated with
colorectal carcinoma, such as RAS related nuclear protein (RAN) connected to the
PI3K/Akt/mTOR and Ras-Raf-MEK-ERK pathways in addition to identifying RDX and
MATN2 regulatory genes in both cell lines. From the 787 overlapping genes the majority
had a negative cross dataset correlation in logarithmic fold change (LFC), with only 36 genes
sharing concordance in LFC. In addition, the Achilles MAGeCK MLE results identified a small
number of essential genes, which failed to overlap with the essential genes identified in the
edgeR pipeline.



Popular scientific summary

Cancer treatment often fails because tumours can lose their drug targets, evolve resistance
over time, or rely on different vulnerabilities even when they look similar under the
microscope. Finding new treatments therefore depends on knowing which genes a
particular cancer needs to survive. One way to test this is with CRISPR, a gene-editing tool
first discovered in bacteria, which can switch off individual genes in living cells. A short
guide molecule directs a cutting protein called Cas9 to a specific gene and disables it; by
watching how cancer cells respond, researchers can measure how essential that gene is to
their survival. Some genes can then be found to be promising targets for future drugs.

A complication in this field is that different laboratories run these experiments, known as
CRISPR screens, using different guides that target different genes and different protocols
that give different expected results, making their results hard to compare directly even for
the same cancer. This study tackled that problem in colorectal cancer by building a
computational pipeline to process and compare two of the largest public CRISPR screening
resources, the Wellcome Sanger Institute's and the Broad Institute's Achilles datasets, each
generated with a different protocol. Each dataset was analysed independently to identify
essential genes, then the two resulting gene lists were compared for overlap. The intent of
this pipeline is to both make the different datasets comparable and extract new information
hidden from the individual datasets. An established benchmarking tool, MAGeCK MLE, was
also applied to the Achilles data to check the results against an existing method.

Both datasets were processed successfully, and several genes already linked to cancer
turned up among the essential genes, including some that affected cancer cell growth and
survival in opposite directions when switched off. However, direct comparison between the
two datasets proved difficult: only 36 genes were expressed similarly in both, far fewer than
expected, and further comparison steps with MAGeCK MLE showed similarly limited
agreement. These results suggest that while comparing CRISPR screening datasets is
possible in principle, differences in how each screen is designed can substantially change
which genes appear essential a limitation worth bearing in mind for anyone using a single
dataset to choose new cancer drug targets.



List of abbreviations

Cas9
CRISPR
FDR
GLM
gRNA
KRAS
LFC
MAGeCK
MAPK
NB
pDNA
PI3K/AKT
RAN
sgRNA
TMM

CRISPR-associated protein 9

Clustered Regularly Interspaced Short Palindromic Repeats
False Discovery Rate

Generalized Linear Model

Guide RNA

Kirsten rat sarcoma virus oncogene homologue

Log?2 Fold Change/Log Fold Change

Model-based Analysis of Genome-wide CRISPR-Cas9 Knockout
Ras-Raf-MEK-ERK pathway

Negative Binomial

Plasmid DNA

PI3K/AKT/mTOR pathway

RAS related nuclear protein

Single-guide RNA

Trimmed Mean of M-values
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2 Introduction

Clustered Regularly Interspaced Short Palindromic Repeats (CRISPR) and the associated
CRISPR-associated protein 9 (Cas9) form an adaptive immune system in prokaryotic
organisms, which is activated during viral infection through complex molecular
mechanisms (Sun et al, 2016). Upon viral encounter, short fragments of viral DNA are
captured and inserted as spacers into regions of the host genome called CRISPR arrays.
These spacer sequences function as a molecular memory of prior infections, generating a
genetic record that can be extracted from bacterial genomes and sequenced to construct
libraries for bioinformatic analysis (Sun et al., 2016). Computational mapping of these
libraries against viral metagenomes enables the identification of infection types affecting
bacteria and facilitates monitoring of viral evolution over time.

In addition to its natural immune role, CRISPR has been also used as a versatile tool for
genetic manipulation in diverse organisms. The system employs guide RNAs (gRNA), which
are short RNA sequences that are typically about 20 nucleotides in length and designed to
match specific DNA targets within the genome. These gRNAs direct the Cas9 enzyme to
specific genomic locations, where it introduces double-stranded breaks, enabling either
gene disruption or gene activation. This high level of precision has facilitated genome-wide
screening experiments in which libraries containing thousands of distinct single guide RNAs
(sgRNA) are introduced into cell populations to systematically investigate gene function
across the genome. In this context, bioinformatics methods play a critical role in analysing
the high-throughput sequencing data generated from these screens to determine which
gene modifications influence cellular phenotypes (Pacesa et al., 2024).

The application of CRISPR screening has become a novel method for genetic testing and has
already been used for cancer research and genomic screening. Cancer is a collection of
malignant diseases that occur when a cell acquires genetic or epigenetic alterations which
causes the cell to proliferate uncontrollably and potentially metastasize. Colorectal
carcinoma is one of the most common forms of cancer, accounting for approximately 10%
of all cases and 9% of cancer-related deaths in 2020 (Sung et al,, 2021). There are multiple
genes and pathways connected to Colorectal carcinoma development, one example is the
Kirsten rat sarcoma virus oncogene homologue (KRAS) gene, whose isoform KRAS4B is
present in approximately 40% of Colorectal Adenocarcinoma case tested. KRAS functions
in various biological pathways regulated by guanine exchange factors (GEFs). Another such
gene is the BRAF gene, which is functionally linked to the Ras-Raf-MEK-ERK pathway
(MAPK) (Yaeger et al,, 2019). In addition, only a minority of oncogenic variants have been
identified as available targets for treatment and the majority have no known
pharmacological therapy (Zhu et al.,, 2021). CRISPR screening can be used to identify genes
whose expression has been altered by variants of both itself and of related regulators in the
same pathway. One such example is Finger Protein 8 (PHF8), which was identified as
upregulated in Colorectal Adenocarcinomas carrying KRAS and BRAF variants and has been
proposed as a possible treatment target (Liu et al.,, 2025).

Several gaps persist in this area of research. There is a lack of standardised data integration
across CRISPR screening studies. Different experimental protocols are employed, such as



TKO, Brunello, and CRISPRI libraries, along with varying cell lines and statistical methods
for data analysis (Chen et al., 2025). These methodological differences complicate cross-
study comparisons and meta-analyses, making it challenging to identify genes that are
common across multiple Colorectal Carcinoma datasets (Motohashi et al, 2025).
Furthermore, common genes required for cell survival can vary across different Colorectal
carcinoma cell lines due to differences in genetic backgrounds, mutations, and
microenvironmental contexts. This variability makes it difficult to distinguish genes that are
broadly important across Colorectal Carcinomas from those that are cell line-specific,
complicating efforts to identify the most promising therapeutic targets for this cancer type
(Wang et al., 2019).

Currently, there are few curated databases for raw CRISPR screening data; instead, most
publicly available datasets include curated processed data that has been normalised and
annotated. However, raw sgRNA count data can be accessed directly from repositories such
as the DepMap portal, where manual filtering steps can be applied to extract cancer type-
specific or gene-specific data of interest. In addition, databases can include multiple
independent screens of the same cell line and thus variation for the same cell line must be
considered. Moreover, not all cell lines have the same genes targeted, as different CRISPR
screening protocols use different sgRNA libraries, meaning that cell lines with the same
mutations or alleles may have missing data within the same screening protocol. For this
study two independent genome-wide CRISPR screening datasets were chosen, the DepMap
Cancer Dependency Map (Achilles) dataset and the Wellcome Sanger Institute (Sanger)
dataset (Behan et al.,, 2019; Dempster et al., 2019a). The Sanger dataset consists of single
timepoint triple replicate counts, while the Achilles dataset measures batch counts, creating
structural variation that requires additional processing. Comprehensive cross-dataset
comparisons between Sanger and Achilles have been performed in past research via the
application of specialist tools such as CRISPRclearR (Dempster et al., 2019b). In addition,
non-targeted genes can also be affected by CRISPR through off-target cutting effects,
reducing data reliability. Computational methods such as CERES and Chronos have
additionally been developed to correct for copy number amplification bias and guide
efficiency variation respectively (Dempster et al., 2021). edgeR is a Bioconductor package
in R designed for the analysis of count-based high-throughput sequencing data. EdgeR uses
statistical models based on the negative binomial distribution to identify differentially
expressed genes by accounting for biological and technical variability and has been
previously applied to Crispr cell count data (Li et al., 2014; Robinson et al., 2010)

In this study a bioinformatics pipeline was developed in R using the edgeR package to
process and analyse raw cell count data from Sanger and Achilles. The intent of this pipeline
is to identify within and across dataset statistically significant and common essential genes
for the survival of cells, in this study restricted to Colorectal Carcinoma. The resulting genes
from each dataset as well as the overlapping genes were then processed to validate the
relevance of the results to Colorectal Carcinoma. Model-based Analysis of Genome-wide
CRISPR Knockout Maximum Likelihood Estimation (MAGeCK MLE) was additionally used
against the Achilles dataset as a complementary analytical approach to assess the
robustness of essential gene calls identified by the EdgeR-based pipeline.



2.1 Aims and objectives

This project aims to develop a pipeline for analysing CRISPR screening data from Colorectal
Carcinoma cell lines, to identify genes that are essential for cell survival, and to assess
whether these findings are consistent across the Sanger and Achilles datasets.

The objectives are:

e To develop an edgeR-based pipeline for statistical analysis and processes CRISPR
screening cell count datasets.

» To identify genes essential for cell survival common across different colorectal carcinoma
cell lines.

e To evaluate the results across datasets through statistical framework comparisons,
pathway enrichment analysis and validating data through existing literature.

e To assess the robustness of essential gene identification in the Achilles dataset by
comparing results from the edgeR pipeline with those from MAGeCK MLE.

3. Materials and methods

3.1 Data acquisition

Data was acquired from two publicly available CRISPR knockout screening datasets
consisting of unprocessed cell counts: the DepMap Cancer Dependency Map and the
Wellcome Sanger Institute CRISPR knockout library (Behan et al.,, 2019; Dempster et al.,
2019a).

Both datasets include data for various cancer types and were used to identify and analyse
essential genes in Colorectal carcinoma cell lines. The datasets are from two different
experimental protocols, the Sanger and Achilles libraries. The structural differences
between datasets had to be taken into consideration when implementing the pipeline and
only shared data structures were prioritised for use. All colorectal cancer cell lines were
identified from each respective source prior to data extraction.

3.2 Data Pre-processing

For the Achilles dataset, cell line metadata was loaded from the sample_info.csv file, which
contains biological and clinical information for all cell lines in the database. This metadata
was then applied for identifying coloractal cancer cell lines, replicate identification, and
quality control. This resulted in 18 replicates consisting of 9 cell lines remained. (see
Appendix 1 table 1) This table serves as the reference linking every replicate column in the
raw count matrix to its associated information. The plasmid DNA batch serves as the
baseline reference for each replicate: batch 2 for 6 replicates and batch 3 for 12 replicates.

The raw sgRNA counts matrix contains 74,687 sgRNAs and 1,638 samples representing all
cell lines in the DepMap 20Q2 release. The 18 QC-passing replicate IDs were using as
identifiers for the relevant cell lines, confirming all 18 were present. The pDNA columns
were identified by searching for column names containing the string ‘pDNA’, yielding 11
pDNA columns representing the TO baseline measurements across batches 2 and 3.



The following columns were loaded from the raw sgRNA counts file: sgRNA identifier
(Construct_Barcode), pDNA samples and colorectal replicate samples. This selective loading
approach substantially reduced memory usage compared to loading the full matrix. The
resulting dataframe contained 74,687 sgRNAs and 30 samples. (See Appendix 1 Table 1)

Using the Cell Passport page of Sanger (https://cellmodelpassports.sanger.ac.uk/), all cell
lines that had available CRISPR dependency data and fell under the category of colorectal
carcinoma were identified. Each raw sgRNA counts data file was extracted individually and
renamed to its sample name to preserve identification. Each file consists of 4 columns:
sgRNA identifiers, genes they target, raw control counts and raw sample counts. (see
Appendix 1 Table 3)

The Sanger CRISPR dataset exhibited variation in screening protocols across cell lines, with
differences in replicates, experimental conditions, and timepoint measurements,
distinguishable by identifiers present in the file names and initial 3 columns. (see Appendix
1 table 3) The initial 3 columns were used as identifiers to match samples with common
controls and targets, the file names were used to identify unique conditions in each count
table. Only one replicate group contained an adequate number of cell lines and consistent
structure for downstream analysis which consisted of triplicate per cell line. (see Appendix
1 table 3) A Pearson’s correlation CPM coefficient was performed on both datasets
individually to measure the cell line similarity within datasets. Pearson’s was chosen to to
visualise the maximal difference including the bias created by outliers.

3.3 EdgeR Statistical Processing

Prior to processing the scaling factor of each cell line count was measured using Trimmed
Mean of M-values (TMM) method implemented from the edgeR Bioconductor package
(Robinson et al., 2010; Robinson and Oshlack, 2010). TMM normalisation was used as the
CRISPR screening data contains a substantial proportion of sgRNAs that are depleted to a
negative endpoint which shifts the median distribution downwards. TMM addresses the
sgRNA depletion of by trimming extreme values before computing the scaling factor, making
it more robust to the asymmetric depletion patterns characteristic of CRISPR screening data
(Robinson and Oshlack, 2010). A scaling factor near 1 was used to determine that the data
was fit for further processing.

Yox

x 108
Ni X fi

TMM — normalised CPMg, =

Where:
Yyx= Raw read count for gene g in sample k.
Ny, = Total library size (sum of raw counts) for sample k.

fx= TMM normalization factor for sample k


https://cellmodelpassports.sanger.ac.uk/

Gene essentiality was assessed using a NB generalised linear model (GLM) implemented in
edgeR for each dataset Independently. The NB distribution was chosen because CRISPR
screen count data exhibits overdispersion; the variance of sgRNA counts exceeds what
would be expected under a Poisson distribution (Robinson and Oshlack, 2010). For each of
the 18 colorectal cancer cell line replicates in the Achilles dataset, a DGEList object was
constructed containing the raw counts and their matched pDNA batch columns treating
each batch as an alternative condition. For the Sanger dataset, since cell lines hold no
variation in condition a single DGEList for all cell lines was constructed, following the same
process as Achilles. A design matrix was constructed with two groups: pDNA/Control as
baseline and cell line counts as sample. Dispersion was estimated using estimateDisp() and
a GLM was fitted using glmFit() to calculate the Log2 fold change (LFC) for each of the
sgRNA. Likelihood ratio tests were performed using gImLRT() to test for significant
differences in guide abundance between the endpoint and baseline (Sun et al,, 2017).

Common essential genes were defined in Achilles as those meeting FDR < 0.05 and LFC < -1
in at least 50% of the available colorectal cancer cell lines. In Sanger to approximate the cell
line-based essentiality scoring applied in the Achilles dataset, genes with raw sgRNA counts
below 10 in a minimum of half of all cell lines were identified from the Sanger count data
that were cross referenced with the same FDR and LFC requirements as Achilles in the
Sanger edgeR results. Essential genes were defined as those exhibiting an LFC < -1,
reflecting a substantial depletion of cells carrying the corresponding sgRNAs. In pooled
CRISPR screens, such depletion indicates that gene disruption impairs cell survival or
proliferation. The threshold was selected to capture biologically meaningful fitness defects
while reducing the impact of technical variability and small stochastic changes in sgRNA
abundance. Essentiality in a minimum of 50% of cell lines was chosen too account inter
variation between cell lines. Requiring essentiality across all cell lines would be too
demanding given the heterogeneity of colorectal cancer models, while requiring it in only
one or two lines would produce many false positives (Merk et al., 2024).

3.4 Enrichment Analysis

Enrichment analysis was performed using the clusterProfiler package in R (Wu etal., 2021).
To identify genes that did not overlap due to cell line and sgRNA variation between datasets,
both the Sanger and Achilles edgeR results were separately submitted to KEGG pathway
enrichment analysis using enrichKEGG(), to identify unique pathways in each dataset based
on the Kyoto Encyclopedia of Genes and Genomes (Kanehisa and Goto. 2000). Genes shared
between the two datasets were then extracted and subjected to both KEGG pathway
enrichment and Gene Ontology Biological Process (BP) term enrichment using enrichGO()
(Ashburner et al,, 2000). The BP analysis was included to capture biologically relevant
processes at a finer resolution than pathways alone, complementing the pathway-level
findings. Pathway enrichment analysis was prioritized over Biological processes as the
preferred analysis in CRISPR cancer screen literature. Terms with a BH-adjusted p-value
below 0.05 were considered statistically significant, controlling the false discovery rate
across the multiple hypotheses tested simultaneously.



3.5 MAGeCK Result Validation

As a complementary approach to the edgeR analysis on the Achilles dataset, gene
essentiality was also assessed using MAGeCK MLE version 0.5.9.2.1, implemented on the
Galaxy EU platform (usegalaxy.eu). MAGeCK MLE uses a maximum likelihood estimation
framework to model sgRNA efficiency and gene essentiality across multiple conditions,
producing a beta score per gene per cell line that represents the essentiality effect (Li et al.,
2014). MAGeCK MLE was run with median normalisation as a parameter and the full count
matrix of the Achilles dataset. The output consisted of two files: a gene summary file
containing the beta score, p-value, and FDR per gene per cell line, and an sgRNA summary
file containing guide-level statistics. The gene summary file was used for downstream
comparison to the edgeR results for validation of the pipeline’s efficacy in comparison to
industry standard tools.

3.6 Programming language and code availability

All data processing and analyses were performed using R programming language version
4.4.1 as it holds various packages suitable for statistical tests relevant to CRISPR screen
analysis.  All code files were stored in a GitHub repository:
https://github.com/kell0309/CRISPR thesis.git, where each individual student worked on
parallel branches. The individual code files developed were thereafter merged into a main
branch that allowed for access of either the Sanger or Achilles dataset on a single repository.
To ensure ease of use for future work, a readME document was created as a guide for users
that wish to view the pipeline. Al was used in the workflow described in Appendix 3.

1 Results

1  Achilles Results analysis

The 18 replicates were distributed across two pDNA batches 6 replicates from batch 2 (RKO,
SW403, LS180) and 12 replicates from batch 3 (C2BBE1, CL-11, SW948, SW48, HT115,
GP5d). The final master counts matrix contained 74,361 sgRNAs across 30 columns
including 8 pDNA reference columns and 18 cell line replicate columns.

Following normalisation of sgRNA counts datasets, median CPM values ranged from 9.43 to
10.20 across all 26 counts including controls. The guide count distribution boxplot in Figure
1 confirms the technical difference in sequencing depth between pDNA batch 2 and batch 3,
with batch 3 showing a higher median count.


https://github.com/kell0309/CRISPR_thesis.git
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Figure 1. Guide count distribution boxplot showing log2(counts + 1) for all 26 Achilles samples. Red
boxes represent pDNA reference samples and blue boxes represent cell line endpoint replicates The
X-axis is the replicate name; Y-axis is the is the log2 counts

Common essential genes showed a mean LFC of -0.617 confirming a depletion of essential
gene guides at the end point. Guide targeting known nonessential genes produced a mean
LFC of 0.043 indicating stable nonessential genes near at zero. Figure 13 in Appendix 2
visualises the distribution of LFC of both gene sets.

The replicate correlation heatmap visualised in Figure 10 in Appendix 2 shows pairwise
Pearson correlations between all 18 cell line replicates. RKO and C2BBE1, each with three
replicates, show high inter-replicate correlations. SW948 shows markedly lower
correlation with all other samples and LS180 replicates show reduced inter-replicate
consistency.

In Figure 2 the UMAP dimensionality reduction of cell line replicates based on their gene-
level LFC profiles. Replicates from the same cell line cluster closely together and batch 2 and
batch 3 replicates do not separate into distinct regions of the plot. C2BBE1 appears as an
isolated point far from all the other batch 3 samples.
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Figure 2. UMAP dimensionality reduction of cell line replicates based on gene-level LFC profiles. Blue
dots represent batch 2 cell lines and red dots represent batch 3 cell lines.

Figure 3 is a volcano plot of edgeR results across all 9 colorectal cancer cell lines reveals a
clear asymmetry in the distribution of gene essentiality. A dense cluster of significant hits is
present in the left side of the plot, representing the 17,064 essential sgRNA-cell line
combinations. The top labelled essential genes by statistical significance were PSMB5,
TPRG1L, NR6A1, IL5, PLEKHOZ, BID, MANSC1, ITGB1BP2, TRIM28 and SIRT7. The right side
of the plot shows a curved arc of genes with strongly positive LFC values extending to LFC
+15, representing guides that were enriched at the screen endpoint. The most enriched gene
was RBM38 (LFC +15.60). Most nonessential genes are concentrated around LFC = 0 - 4
indicating no change between endpoint and pDNA baseline.
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Figure 3. Volcano plot comparing the LFC depletion of statistically significant essential and not
essential genes. On the y-axis is the -log10(FDR) and the log2 fold change on the x-axis. On the left
side of the asymmetrical line is the essential genes for the colorectal cancer survivability after being
depleted and on the right side of the line are the genes which enhances cancer growth.

Figure 11 in Appendix 2 shows a heatmap of the 33 common essential genes across 18 cell
line replicates shows the LFC values per gene per cell line. SW948 and CL-11, both single-
replicate cell lines from batch 3, show distinctively extreme LFC values compared to multi-
replicate cell lines. The majority of the 33 common essential genes show modest depletion
signals across cell lines rather than strong consistent depletion other than MCM6.

2 Sanger Results

The Sanger dataset yielded 1,440 sgRNAs with statistical significance following the edgeR
analysis. Of the 1,440 sgRNAs 815 unique genes where present visualised in Figure 4. From
the 815 genes, two genes, RDX and MATNZ2, exhibited a positive LFC, indicating a non-
essential or potentially growth-suppressive role, while the remaining 813 genes showed
negative LFC values consistent with depletion and essentiality. The essentiality group
yielded 97 candidate essential genes. This list was then cross-referenced against the edgeR
results to retain only statistically significant genes, resulting in 15 essential sgRNAs
representing 14 unique genes. The 13 single sgRNA genes were: FCF1, SNRPA1, ZNF680,
PSMAS5, RPS23, PSMB1, SF3B5, CHEK1, RPS27A, RPS4X, RRM2, DUT, and POLR2B. The RAN
gene was represented by two independent sgRNAs, both targeting the second exon as
determined by sgRNA coordinate annotation.
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Figure 4. Volcano plot comparing the LFC depletion of the 815 statistically significant essential and
non-essential genes for Sanger. The y-axis is the -log10(FDR) and the log2 fold change on the x-axis.
On the left side of the asymmetrical line is the essential genes for the colorectal cancer survivability
after being depleted with the top 20 depleted genes marked named. On the right side the two
statistically significant genes with a positive LFC.

In the Pearson’s correlation visualised in Figure 8 in Appendix 2, the mean pairwise
correlation across all cell lines was 0.88. HT29 was represented by three replicates, one of
which was identified as an outlier, showing a mean pairwise correlation of 0.73 across all
cell lines. Within the HT29 replicates, the outlier showed its highest correlation with the
remaining two HT29 replicates at 0.78 and 0.79 respectively, while the two non-outlier
HT29 replicates shared a correlation of 0.93 with one another.

3  MAGeCK analysis

MAGeCK MLE analysis identified essential genes across all 9 colorectal cancer cell lines with
varying numbers of hits per cell line. The table below (table 1) shows the essential gene
counts per cell line alongside the top depleted genes by beta score and False Discovery Rate
(FDR) for the two highest-powered cell lines.

Table 1. MAGeCK MLE essential gene counts per cell line with top depleted genes by beta score and
FDR.

Cell Line Batch Essential Genes Top 3 Depleted Genes (beta score, FDR)

RKO Batch2 459 SLC5A3 (-1.089, 0.000), NDUFC2 (-0.954,
0.000), MTCH2 (-0.914, 0.000)
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C2BBE1 Batch 3 339 RAN (-1.280, 0.000), FAU (-1.220, 0.000),
PSMBS5 (-1.150, 0.000)

SW403 Batch2 87 FOXK1 (-0.520, 0.000), UBL4A (-0.511,
0.000), LAMA5 (-0.447, 0.000)

LS180 Batch2 27 ASNS (-0.752, 0.000), EIF2AK4 (-0.673,
0.000), DMXL1 (-0.662, 0.000)

GP5d Batch3 32 ISM1 (-0.486, 0.000), NF2 (-0.484, 0.000),
DOPEY?2 (-0.477, 0.000)

HT115 Batch3 22 MYLIP (-0.546, 0.000), PFAS (-0.520,
0.000), PTDSS1 (-0.488, 0.000)

Sw4s Batch3 3 ABHD12B (-0-653, 0.000) TIMM10B (-
0.628,0.000) MANSC1 (-0.648, 0.000)

SWo48 Batch3 1 FSCN1 (-1.44, 0.000)

CL-11 Batch3 1 BDP1 (-1.72, 0.000)

4.4 MAGeCK MLE and Achilles edgeR Comparison

Comparison of the essential gene lists from edgeR and MAGeCK MLE revealed no overlap at
the common essential’s threshold. edgeR identified 33 common essential genes while
MAGeCK MLE identified zero genes meeting the threshold of essentiality in at least 5 cell
lines. Among the edgeR common essential genes, only three OR5D14, DAB2IP and BID
appeared as essential in any individual MAGeCK cell line result. The Venn diagram in Figure
12 in Appendix 2 illustrates the absence of overlap between the two methods at the common
essentials level.

4.5 Sanger Achilles cross-dataset Results

The overlap was analysed between the essential gene lists and the edgeR-processed
statistically significant genes from both the Achilles and Sanger datasets. No overlap was
identified between the 14 essential genes identified in the Sanger dataset and the 33
identified in the Achilles dataset. When all statistically significant Sanger edgeR results were
compared against the Achilles essential genes, a single overlapping gene was identified:
Mini chromosome Maintenance Complex Component 6 (MCM6). The overlap of all
statistically significant genes in both datasets resulted in 787 genes overlapping between
the two datasets. Pathway and enrichment analyses were performed on both individual
datasets and on the 787 genes shared across the edgeR-processed results of both datasets.
Among the shared and Sanger pathways in Figure 5.B and D, the most frequently enriched
pathways included the spliceosome, ribosome, and coronavirus-related pathways, the latter
being a known artefact in pathway analyses. The spliceosome pathway represented the
highest shared pathway, present in 15% of all shared genes. Enrichment analysis of the
overlapping genes in Figure 5.A identified the highest scoring terms as ribosome biogenesis,
RNA splicing, and RNA processing. The Achilles dataset pathways in Figure 5.C consist of
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Cadherin signaling, Neuroactive ligand-receptor interaction, and PI3K/AKT/mTOR
(PI3K/AKT) signaling pathways.
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Figure 5. A) EnrichGO enrichment analysis of shared genes. B) EnrichKEGG pathway analysis of
shared genes. C) EnrichKEGG pathway analysis of the Achilles dataset. D) EnrichKEGG pathway
analysis of the Sanger dataset. X-axis is the number of genes sharing this term while the colours
represent the adjusted P-value with red being a lower P-value. Y-axis represents the term shared.

A Spearman's correlation was performed to assess the statistical association between LFC
values of the 787 overlapping genes across the two datasets and visualised in Figure 6.
Spearman's correlation was selected to account for LFC distribution differences between
datasets and due to its robustness to outliers, as it compares ranked values between
datasets rather than counts. The analysis returned a p = -0.158 and p-value of 8.972e-06,
indicating a weak but statistically significant negative correlation between the Sanger and
Achilles datasets. This reflects a tendency for genes with positive LFC in the Achilles dataset
to show lower or negative LFC values in the Sanger dataset. The Achilles dataset showed a
predominantly an LFC distribution ranging from -2.84 to 15.74, while the Sanger dataset
showed an LFC distribution, ranging from -6.78 to 1.79 creating ~10 difference in LFC range
between the two datasets. A heatmap was constructed to visualise LFC concordance across
the 787 shared genes between the Achilles and Sanger datasets in Figure 9 in Appendix 2.
Of the 787, 36 genes showed concordant LFC directionality, representing 5% of all shared
genes. Two of these genes, RDX and MATNZ2, showed concordant positive LFC values across
both datasets, while the remaining 34 genes showed concordant negative LFC values. The
34 concordantly negative genes were: ANKRD33B, ANKRD65, CACNG6, CCDC107, CD1E,
CEACAMS, CKAP5, CRCT1, DHX38, EIF3C, EIF3CL, FAM168A, GDPD2, H3F3B, HHLA3,
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HIST1H2AC, HIST1H2BG, HIST1H3B, INHBE, 1QC], KCNE3, KRTAP5-6, LCE2C, LELP1,
MCCD1, PGAM4, PISD, PTH2, RMI2, SART3, SMR3B, TLX3, TMEM11, and TUBG2. (Appendix
1 table 4) For concordance in directionality, the 34 negative genes showed LFC values that
fell outside the primary distribution range of the Achilles dataset but remained within the
typical range observed in the Sanger dataset, consistent with the weak negative correlation
identified in the Spearman's analysis showing an agreement between the two measures.

Spearman's Correlation: Sanger vs Achilles
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Figure 6. Spearman’s correlation between the Sanger LFC (x-axis) and Achilles LFC (y-axis) indicating
a p-value of 8.972e-06 and a p value of -0.158. The red line represents the distribution of rankings by
region, the grey region the certainty of said region the larger it is the power the certainty.

2 Discussion

1 Achilles discussion

The range difference of 0.77 confirms that the samples were placed to a comparable scale
for downstream analysis in TMM normalisation. The difference in the raw read depth of the
samples highlights an important issue of correcting the technical differences between
samples that has large difference in counts which may lead to batch effects in the analysis.
Without correcting this, analysis later could be misinterpreted as genuine differences in
gene essentiality between cell lines leading to false conclusions. Comparing each cell line
replicate against its corresponding pDNA batch rather than a global reference, was
therefore critical to ensure that observed guide depletion reflected genuine biological signal
rather than technical noise (Yu et al., 2024).

The essential versus nonessential LFC distribution validates of the screen quality prior to
downstream analysis. The negative shift of essential sgRNA gene guides with a mean LFC of
-0.617 relative to nonessential guides centred at 0.043. This separation is consistent with
the expected behaviour of a dropout CRISPR screen where guides targeting genes required
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for cell survival are progressively lost from the population over the course of the
experiment while guides targeting unintended genes remain stable. This design limits the
dynamic range of detectable dropouts compared to screens that measure guide abundance
at multiple timepoints during cell growth. Nevertheless, the clear difference in distributions
provides sufficient evidence that the screen is of acceptable quality to proceed with
statistical analysis (Hart et al., 2015).

The replicate correlation heatmap demonstrated substantial differences between cell lines.
RKO and C2BBE1, each with three replicates, exhibited high inter-replicate Pearson’s
correlations, confirming biological reproducibility (Dempster et al., 2019b). In contrast,
SW948 displayed markedly lower correlation with all other samples, and LS180 replicates
showed reduced inter-replicate consistency. UMAP dimensionality reduction further
supported these quality differences. Replicates from the same cell line clustered closely,
indicating consistent essentiality profiles.

The gene-level aggregation step reduced the dataset from 74,361 sgRNA-level observations
to 18,524 unique gene-level scores by calculating the median log-fold change (LFC) across
all guides targeting the same gene. The median was selected as the design choice due to
consistency with other screen analysis such as MAGeCK (Li et al., 2014). The identification
of known core essential genes, such as ribosomal proteins RPL17, RPL37, and RPL12, as
well as RNA polymerase Il subunits POLR2], POLR2]2, and POLR2]J3, among the topmost
depleted genes, provides a suggested biological validation that the aggregation pipeline
accurately captured genuine essential gene signals (Hart et al, 2017). However, the
appearance of ANKRD36B, DUX4, and the NBPF and NPIPA gene families as top hits, despite
their lack of connection as colorectal cancer dependencies, highlights a known limitation of
uncorrected CRISPR screens. Genes located in genomic regions with high copy number
amplification may show inauthentic depletion (de Weck et al., 2018).

NB test estimated common dispersion and was a approximation of 0.004, the NB and the
framework remained because it nests the poisson distribution as a special case of zero
dispersion and therefore remains usable, avoiding the underestimating variance in genes
where dispersion is elevated.

Figure 4 produced two distinct groups of genes. The thick cluster of significant hits on the
left side of the plot representing 17,064 essential sgRNA-cell line combinations, confirms
widespread genetic dependencies in colorectal cancer cells. The curved arc of genes with
strongly positive LFC on the right side of the plot, extending to LFC +15.60, represents
sgRNA that were enriched, indicating that knocking out these genes increased proliferation.
The asymmetric distribution between the left depletion cluster and the right enrichment
arc is consistent with the expected behaviour of a dropout CRISPR screen, in which essential
genes are progressively lost from the population while tumour suppressor knockouts
accumulate over time (Dempster et al., 2019a).

5.2 MAGeCK MLE

The variation in essential gene counts across cell lines reflects the direct impact of replicate
number on MAGeCK MLE statistical power. RKO with three replicates identified 459
essential genes and C2BBE1 with three replicates identified 339, while the single-replicate
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cell lines SW948 and CL-11 identified only 1 essential gene each. SW48 with two replicates
identified only 3 essential genes, suggesting that two replicates are still insufficient for
MAGeCK MLE to reliably estimate guide efficiency parameters in this dataset. The top
depleted genes in the high-powered cell lines all showed FDR values of 0.000 confirming
high statistical confidence in these calls. In RKO the top hit SLC5A3 had a beta score of -
1.089, indicating a strong negative effect on cell fitness upon knockout. In C2ZBBE1 the top
hit RAN had the strongest beta score of -1.280 across all cell lines. The beta scores for the
lower-powered cell lines such as LS180 and GP5d ranging from -0.447 to -0.752 were
smaller in number than those for RKO and C2BBE1, suggesting that lower replicate numbers
not only reduce the number of significant hits but also affect the reliability of effect size
estimation. The most commonly essential genes across all cell lines had a maximum
frequency of 2, meaning no gene was identified as essential by MAGeCK in more than 2 cell
lines, which prevented any gene from meeting the 50% common essentials threshold.

5.3 Achilles edgeR and MAGeCK MLE comparison

Comparison of the common essential gene lists from edgeR and MAGeCK MLE revealed no
overlap, edgeR identified 33 common essential genes while MAGeCK MLE identified zero
genes meeting the common essentiality threshold. This complete absence of overlap does
not reflect genuine biological disagreement between the two methods but rather a
structural limitation of the dataset. As shown in the per-cell-line MAGeCK results SW48,
SW948 and CL11 each yielded only 1 to 3 essential gene calls due to their single QC-passing
replicates. MAGeCK MLE requires sufficient replication to simultaneously estimate guide
efficiency and gene effect parameters and produces extremely conservative results when
replication is insufficient (Wang et al., 2015). Because no gene could accumulate essential
calls across at least 5 of the 9 cell lines the common essentials threshold could not be met.
This finding highlights the critical importance of replicate numbers in CRISPR screen
analysis and demonstrates that edgeR is a more appropriate method for datasets with
variable replicate numbers due to its use of empirical Bayes dispersion estimation which
borrows information across all genes to compensate for low replication (Ferdous and Ullah,
2017).

5.4 Sanger Discussion

Among the statistically significant genes, SNRPA1 has been identified as a potential
diagnostic biomarker through the PI3K/AKT pathway in lung Adenocarcinoma (Yang et al,,
2023). Its identification as an essential gene in the Sanger colorectal carcinoma dataset
suggests this dependency may extend beyond lung adenocarcinoma, further validation
would be required. DUT has been proposed as a therapeutic target, with its expression
negatively correlated with survival in stage II and stage III colorectal cancer patients,
connected to the 5-fluorouracil (5-FU) pathway (Nobili et al., 2011). CHEK1 has established
roles in both colorectal and lung cancer and has been investigated as a therapeutic target
through inhibitor combinations (Rogers et al., 2020). PSMB1, RPS23, and RPS4X were
identified collectively in a single study, with RPS4X specifically reported as upregulated in
tumours (Tsofack et al., 2011). FCF1, ZNF680, SF3B5, RRM2, and POLR2B relevant cancer
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literature, though this may reflect gaps in the current literature rather than biological
irrelevance.

The pipeline successfully identified statistical significance within the Sanger dataset with
edgeR. Individual gene-level interpretation required manual literature validation, as the
pathway analysis results in Figure 5.D alone were insufficient for biological inference
without complementary literature review. Stratifying cell lines into edgeR contrast groups
based on known pathway membership, such as the PI3K/AKT pathway, prior to edgeR
processing could have improved the resolution of biological signals, by identifying unique
genes in known cancer pathway groups rather than aggregating all cell lines into a single
group. Additionally, the merging of replicates was improperly performed, creating
pseudoreplication concerns, As the pipeline did not account for sister cell lines or outlier
replicates that could have been accounted for via a spearman’s or a Pearson's correlation to
assess cross replicate similarity before EdgeR processing (Iannuzzi et al., 2024). This was
particularly relevant for HT29, which contributed three replicates: their overrepresentation
relative to other cell lines risked biasing essentiality calls toward genes disproportionately
essential in HT29 specifically, and one of the three replicates showed weak correlation with
the others, suggesting it may have been a technical outlier warranting exclusion.

2 Cross Dataset Discussion

MCM6 was the sole Achilles essential gene identified in Sanger, representing the only
overlap between the Achilles and Sanger essential gene lists. MCM6 has a documented
association with the E6-associated protein/ubiquitin-protein ligase E3A (E6AP) gene, with
both implicated in various cancers including lung cancer and adenocarcinoma (Luo et al.,
2023). RDX showed a relation to cancer growth when downregulated in thyroid cancer
(Riwaldt et al., 2016), while MATN2 was identified as a downregulating factor of the
PI3K/AKT pathway (Liu et al., 2024), consistent with both genes showing positive LFC
values suggests a tumour suppressive rather than essential role.

RAN was identified with two independent sgRNAs both targeting the second exon and both
showing negative LFC values and was additionally recovered in the MAGeCK MLE C2BBE1
results. RAN’s presence across two independent analytical methods and two independent
sgRNAs reduces the likelihood of off-target effects. RAN silencing on the second exon has
been shown to induce increased apoptosis in colon cancer cell lines with effects mediated
through the PI3K/AKT and MAPK pathways and heightened susceptibility in KRAS-mutant
contexts (Yuen et al., 2012). Additionally, the second exon was shared both in the Sanger
dataset and the relevant literature using shRNA targeting. The C2BBE1 cell line present in
both datasets increased bias in the results towards C2ZBBE1 and explaining the presence of
RAN instead of a true common essential cross cell line. Shared cell lines require cross-
dataset calibration, as the difference in gene essentiality scores for the same cell line across
datasets can be used to estimate and correct for protocol-specific variation (Dempster et al,,
2019b). A limitation was the difference in structure cross datasets processing. The Sanger
dataset consists of bulk endpoint replicate counts, enabling identification of genes
commonly depleted across all cell lines. The Achilles dataset consists of batch-corrected
screening data, enabling cell line-level statistical inference across batches. This structural
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difference means that while Sanger identifies broadly common dependencies, Achilles
extracted cell line level pathways resulting in a larger distribution of genes related to
pathways of all cell line rather than the pathways of overlapping genes as seen in Sanger.
The overrepresentation of KRAS and BRAF-associated pathway genes, including those
connected to the PI3K/AKT and MAPK pathways, was an expected finding based on their
established roles in colorectal carcinoma (Yaeger et al., 2019). The results, however, show
that colorectal carcinoma pathways could only be isolated in the Achilles dataset.

3 Conclusion

The pipeline successfully identified statistically significant and essential genes. Overlapping
genes within the statistically significant groups were identified between datasets but failed
to be identified in the essential genes in cross dataset comparisons. The LFC distribution
was negatively correlated despite the overlaping genes making the relation of the common
statistically significant genes uncertain. The common pathways and Sanger pathways
lacked known pathways to Colorectal Cancer. However, the Achilles dataset found both the
MAPK and the PI3K/AKT present pathways present in existing research. Due to the
difference in relevant pathways between Achilles and Sanger the lack of overlap is
attributed to the structure of the Sanger pipeline treating all cell lines as variables of one
sample.

No overlapping essentials were identified between the Achilles edgeR results and MAGeCK
MLE. The most common essential genes being present in only 2 cell lines in the MAGeCK
results. This is attributed to the difference in the expected data, as MAGeCK MLE expects
condition variables for each cell line processed which does not match the batch structure of
Achilles. The results of MAGeCK therefore cannot successfully assess the edgeR pipeline's
results.

3 Ethical considerations

This project utilises publicly available cell line data obtained from the Achilles Project via
the DepMap portal and Sanger institute, which includes CRISPR screening data from the
Sanger Institute. The research involves analysis of cell lines derived from human material
and bacterial plasmids but does not involve direct contact with human subjects.

No separate ethical approval was required for this educational project, as all data is publicly
accessible through the DepMap portal and has been made available explicitly for
educational and research purposes. Ethical considerations regarding data collection and use
were addressed by the original data providers (Sanger Institute and Broad Institute) prior
to publication following the UK GDPR and matching the EU GDPR requirements.

While the data involves cell lines derived from human material, the datasets are de-
identified and do not contain information that could be traced back to individual donors.
Genomic sequences from cell lines, though derived from human sources, are used solely in
aggregate form for identifying gene essentiality patterns and are not linked to identifiable
individuals.
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Gender and age perspectives were not explicitly considered in this analysis, as the focus is
on cellular level genetic dependencies of colorectal cancer rather than demographic factors.
The cell line data used, includes demographic information about the original donors that
will not be accessed, and essentiality patterns are analysed at the biological pathway level
rather than in relation to individual characteristics.

All data analysis will be conducted under qualified supervision to ensure proper
interpretation and handling. Results from this educational project should be interpreted
with caution, as they have not undergone clinical validation. This work is intended solely
for educational purposes and will not be applied in clinical settings or used to make
determinations about individuals.

7. Future perspective

No cross-dataset comparisons were present in the pre-processing, resulting in overlapping
cell lines such as C2BBE1 not being detected. A cell line comparison to identify and remove
from one dataset overlapping cell lines is required. Additionally, cross dataset gene
referencing based on these cell lines, such as via a Bland-Altman plot can allow for the
detection of additive bias in the raw count distributions between datasets prior to
integration, these steps would provide a quantitative measure of systematic protocol
differences (Bland and Altman, 1999). Quality control measure was not intergrated made
within the pipelines prior to processing. A correlation statistical method such as Pearson's
correlation or Spearman’s correlation coefficient within datasets would allow for replicate
control pre-processing to account for outlier cell lines within datasets (Meyers et al., 2017).
Gene-based quality control, the addition of a copy number validation method as part of the
normalisation process, accounts for statistical noise creating false positives due to the over
expression of genes in amplified regions (lorio et al., 2018).

Steps to compare different types of Colorectal Carcinoma and different stages could also
allow for additional data. The creation of a preprocessing grouping function based on
pathway overlap as well as grouping based on the acquired site and stage of Colorectal
Carcinoma could extract more specific data for shared groups.

A benchmark of MAGeCK MLE and edgeR NB accuracy test against a referenced ground
truth control gene sets that would reveal sensitivity, specificity and precision recall to
quantifying how each method’s performance varies with replicates and batch structure.
Comparison of the edgeR pipeline results and structure to additional tools such as
CRISPRclearR and BAGEL would allow for additional considerations in development
including statistical methods and gaps in research that the pipeline could perform (Hart and
Moffat, 2016).
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8. Appendix

8.1 Appendix tables

Table 1. Achilles dataset step dictionary, each step with a small description and the results used in
the next step.

Step Description Result
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Cell line selection Filter sample_info by colon site and 20 cell lines
colorectal disease

Replicate matching Match DepMap IDs to replicate IDs via 20 replicates
replicate map

Quality control Remove replicates failing the Broad 18 replicates, 9 cell
institute’s QC lines

Raw counts extraction Load sgRNA + pDNA + 18 replicate 74,687 sgRNAs x 30

columns cols

Guide annotation Merge guide map to add gene names Gene name added to
each sgRNA

Control flagging Flag essential and nonessential guides 4,972 essential,
3,086 nonessential,
66,303 test

Dropped guide Remove Broad-flagged problematic 74,361 guides

removal guides remaining

Batch 4 pDNA Remove pDNA batch 4 columns notused 30 columns

removal by any colorectal replicate remaining

Table 2. Achilles dictionary of file variables

Column Source File Type Description

Construct_Barcode Achilles_ raw_readcounts.csv.  Character Unique sgRNA sequence
identifier

gene Achilles_guide_map.csv Character Target gene name and
Entrez ID e.g. BRAF (673)

is_essential common_essentials.csv Logical TRUE if gene is a known
common essential
(positive control)

is_nonessential nonessentials.csv Logical TRUE if gene is a known
nonessential  (negative
control)

pDNA batch 2 Achilles_raw_readcounts.csv  Integer pDNA batch 2 reference

columns (x4) counts (TO0) for RKO,
SW403, L5180

pDNA batch 3 Achilles_raw_readcounts.csv  Integer pDNA batch 3 reference

columns counts (TO0) for C2BBE1,
CL11, SW948, SW48,
HT115, GP5d
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Cell line replicate Achilles_raw_readcounts.csv
columns (18)

Integer

cell line replicate

Raw read counts for each

at

screen endpoint (T-end)

Table 3. Sanger file structure, data type, how it was used in the program, and a description of the

data.

Data type

use

Description

sgRNA

gene

control

Samples

Used at an individual basis
as there are multiple per
genes only one extracted

per gene in the final
comparison.
Used to match the

overlapping genes between
datasets as well as changed
to ENTREZIDs for
additional tests.

Used as control for the
sample counts.

Individual samples whose
replicates were merged into
one per replicate group as
well as
comparison between cell
line counts using Pearson's

identifiers for

String of the Region for each gene targeted by
the sgRNA including chromosome including
exon/intron per gene. Total sgRNA count:
90709

Gene name to identify which gene each sgRNA
targets as well as non-targeting sgRNAs being
marked in the gene list. Total gene count:
18009

Named after the original source a count
column either a plasmid or cell line cell count
on a standard cell line instead of the specific
cancer cell line. Control used:
ERS717283.plasmid

Name of each individual cell line as column
name followed by the numeric counts of the
cell lines per sgRNA. Only unique variable
between count tables. masterframe samples:
19

Table 4. List of concordant genes between Sanger and Achilles. Left side is the abbreviation; right
side is the full name.

Abbreviation

Gene Name
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ANKRD33B

ANKRD65

CACNG6

CCDC107
CD1E

CEACAMS

CKAP5
CRCT1
DHX38

EIF3C

EIF3CL

FAM168A

GDPD2

H3F3B
HHLA3
HIST1H2AC
HIST1H2BG
HIST1H3B
INHBE

1QC)

KCNE3

KRTAP5-6

LCE2C

Ankyrin repeat domain 33B

Ankyrin repeat domain 65

Calcium voltage-gated channel auxiliary subunit
gamma 6

Coiled-coil domain containing 107
CD1e molecule

CEA cell adhesion molecule 8

Cytoskeleton associated protein 5
Cysteine rich C-terminal 1
DEAH-box helicase 38

Eukaryotic translation initiation factor 3 subunit
C

Eukaryotic translation initiation factor 3 subunit
Clike

Family with sequence similarity 168 member A

Glycerophosphodiester phosphodiesterase
domain containing 2

H3.3 histone B

HERV-H LTR-associating 3

Histone cluster 1 H2A family member C
Histone cluster 1 H2B family member G
Histone cluster 1 H3 family member B
Inhibin subunit beta E

1Q motif containing ]

Potassium voltage-gated channel subfamily E
regulatory subunit 3

Keratin associated protein 5-6

Late cornified envelope 2C
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LELP1

MATN2

MCCD1

PGAM4

PISD

PTH2

RMI2

RDX

SART3

SMR3B

TLX3

TMEM11

TUBG2

Late cornified envelope-like proline rich 1
Matrilin 2

Mitochondrial coiled-coil domain 1
Phosphoglycerate mutase family member 4
Phosphatidylserine decarboxylase
Parathyroid hormone 2

RMI2, RecQ mediated genome instability 2
Radixin

Squamous cell carcinoma antigen recognized by
T cells 3

Submaxillary gland androgen regulated protein
3B

T-cell leukemia homeobox 3

Transmembrane protein 11, mitochondrial

Tubulin gamma 2
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1 Appendix plots

Top 30 Common Essential Genes
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Figure 7. Box plot visualising the top 30 genes essential genes in Achilles. X-axis is the number of
replicates where the gene is essential. Y-axis consists of the gene names.
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Figure 8. Pearson’s correlation of the Sanger count data after replicate merge. Red representing a
positive correlation and blue a negative correlation. All cell lines reveal a close correlation. Rows and
columns both represent the outlier with 7 being the outlier.

Shared genes - LFC comparison
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Figure 9. Distribution of the shared genes with concordance in the dataset. Red represents positive
LFC while blue a negative LFC. The left side dendrogram visualises the closeness of expression
between genes, the right side the gene name. The bottom has the dataset from which the counts
originate from.
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Replicate Correlation Heatmap
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Figure 10. Pearson correlation heatmap between all 18 cell line replicates, the scale ranges from deep
blue indicating a low correlation while a deep orange indicating a high correlation.
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Figure 11. Heatmap visualising the depletion and upregulation of common essentials between cell
lines. X-axis represents the cell lines, Y-axis the individual genes.
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Overlap between edgeR and MAGeCK MLE Essential Genes

edgeR MAGeCK

Figure 12. Visualisation of the overlap between the edgeR and MAGeCK achilles results for

essentiality testing.
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Figure 13. LFC distribution plot of essential and non-essential genes in the Achilles dataset. Essential
gene guides (pink) on the left and known nonessential gene (blue) on the right with mean LFC of -

0.617 and 0.0043 respectively.
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2 Appendix Al declaration

ClaudeAl was the Al tool applied for formatting the text to ensure proper scientific language
as well as for merging the texts written by both authors to ensure no overlap in discussion
nor mismatching terms occurred. In addition, it was used as a tool for assistance in the
creation of code and graphs by helping to describe what chosen functions performed as well
as alternatives if said function could not perform what was expected of it. Lastly it was used
as assistance in debugging when an error occurred by describing the error and how to
correct it. All Al results were used in small segments per request; no mass Al alterations of
the text nor large areas of code were created by Al.
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