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Abstract 

Background: CRISPR screens provide large-scale assessment of cellular gene func-
tions. Pooled libraries typically consist of several single guide RNAs (sgRNAs) per 
gene, for a large number of genes, which are transduced in such a way that every cell 
receives at most one sgRNA, resulting in the disruption of a single gene in that cell. This 
approach is often used to investigate effects on cellular fitness, by measuring sgRNA 
abundance at different time points. Comparing gene knockout effects between dif-
ferent cell populations is challenging due to variable cell-type specific parameters and 
between replicates variation. Failure to take those into account can lead to inflated or 
false discoveries.

Results: We propose a new, flexible approach called ShrinkCRISPR that can take into 
account multiple sources of variation. Impact on cellular fitness between conditions is 
inferred by using a mixed-effects model, which allows to test for gene-knockout effects 
while taking into account sgRNA-specific variation. Estimates are obtained using an 
empirical Bayesian approach. ShrinkCRISPR can be applied to a variety of experimental 
designs, including multiple factors. In simulation studies, we compared ShrinkCRISPR 
results with those of drugZ and MAGeCK, common methods used to detect differential 
effect on cell fitness. ShrinkCRISPR yielded as many true discoveries as drugZ using a 
paired screen design, and outperformed both drugZ and MAGeCK for an independ-
ent screen design. Although conservative, ShrinkCRISPR was the only approach that 
kept false discoveries under control at the desired level, for both designs. Using data 
from several publicly available screens, we showed that ShrinkCRISPR can take data for 
several time points into account simultaneously, helping to detect early and late dif-
ferential effects.

Conclusions: ShrinkCRISPR is a robust and flexible approach, able to incorporate dif-
ferent sources of variations and to test for differential effect on cell fitness at the gene 
level. These improve power to find effects on cell fitness, while keeping multiple test-
ing under the correct control level and helping to improve reproducibility. ShrinkCrispr 
can be applied to different study designs and incorporate multiple time points, making 
it a complete and reliable tool to analyze CRISPR screen data.
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Introduction
The study of effects of genetic perturbation is fundamental to elucidate gene func-
tion. In addition, the identification of genes which knockout leads to cell death, either 
in combination with another genetic change (say a mutation of another gene, lead-
ing to ‘synthetic lethality’) or in combination with a certain drug, may lead to more 
efficient cancer treatments. Genome-scale screening methods, in which thousands of 
genes are individually targeted in a single experiment, are often at the start of such 
investigations. Major challenges of such approaches have included undesired target-
ing of a specific sites (“off-target” effects) and variable gene inactivation efficiencies. 
The adaptation of clustered regularly interspaced short palindromic repeats (CRISPR) 
technology to mammalian cells led to the development of improved gene knockout 
screens, with higher efficiency and lower off-target effects [1, 2].

Per cell one gene is knocked out and single guide RNAs (sgRNAs) of these cells are 
sequenced. By comparing sgRNA abundance between different conditions, the effect 
of specific knockouts on cell fitness can be investigated.

This method can be applied to study the impact of gene knockout on cell lines of 
different origins, isogenic cell lines (identical cell lines in which only the status of one 
gene is different) or a cell line with and without treatment. However, the comparison 
of gene knockout effects is challenging due to differences in abundance of specific 
sgRNAs at the start of the experiment. These may be due, for example, to variations in 
the library composition, efficiency of transduction of sgRNAs into cells and selection, 
growth rate of transduced cells, premature or incomplete Cas9 activity and between-
replicate variation. Data analysis methods ideally should take care of all these issues, 
to ensure reliability and reproducibility of identified effects.

CRISPR screen data involve additional aspects that need to be taken into account: 
(i) a large number of variables (sgRNAs) and a relatively small number of replicates, 
also typical for other omics data; (ii) the data are generated by DNA sequencing, and 
thus consist of counts displaying over-dispersion, aspects that classic statistical meth-
ods do not account for; (iii) the effect of a gene knockout is evaluated by several sgR-
NAs per gene, which need to be aggregated to reach a single conclusion about that 
gene; (iv) the experiment often involves two sequencinq runs, one at baseline meas-
uring the starting abundance of each sgRNA, and a paired replicate at a later time 
point, typically after a chosen number of cell doublings. Furthermore, data related 
to multiple cell lines exhibit both technical and biological variability, which must be 
accounted for separate and differently in the data analysis. Indeed, the effect of condi-
tion such as different treatments may be represented as fixed in the model, as conclu-
sions are to be drawn for the chosen conditions, whilst the variation between sgRNAs 
can better be assumed to be random—the sgRNA effect then represents that of multi-
ple, similar sgRNAs targeting the same gene.

Currently available analysis methods only account for some of these issues. For example, 
two often used methods, MAGeCK [3] and drugZ [4], ignore the variability between ini-
tial replicates. Since the data are produced using deep sequencing, some authors have used 
data analysis methods designed for (RNA) sequencing, such as edgeR [5–7] and DESeq2 
[8]. While these can take care of over-dispersion, neither can estimate both the fixed effect 
of condition, as well as the random effect of sgRNAs. Furthermore, as these perform one 



Page 3 of 21Tissier et al. BMC Bioinformatics           (2023) 24:36  

test per sgRNA, they typically require a much heavier multiple testing correction than if 
testing was performed per gene.

To tackle these challenges, we propose an analysis method that, by means of a mixed-
effects regression-based empirical-Bayes framework, can efficiently detect genes with 
differential impact on cell fitness. It first transforms the count data into fold changes rela-
tive to the starting sgRNA abundance at T = 0 for each biological sample, then normal-
izes the data using the rscreenorm [9] method. It then uses an empirical-Bayes regression 
model, including a fixed effect for condition and a random effect for the sgRNAs, to find 
gene-specific effects. This leads to a test per gene by taking all sgRNAs targeting that gene 
together into account. Our method makes use of ShrinkBayes [10], which fits empirical-
Bayes regression models simultaneously for many features using INLA [11], enabling the 
use of mixed effect models in analyses of high-dimensional data. We call our method 
ShrinkCRISPR.

This manuscript is organized as follows. Section  “Methods” presents the method, sec-
tion “Simulation study” uses a simulation model to compare methods’ performances and 
section “Results” illustrates the performance of our pipeline on experimental data. We con-
clude with a brief summary and discussion in section 5.

Methods
Experimental designs

For completeness, we give here a short overview of the steps involved in CRISPR-Cas9 
screening. For each replicate, viral particles expressing single guide RNAs (sgRNAs) are 
transduced into cells, and each sgRNA leads the Cas9 endonuclease to cut a specific target, 
resulting in a specific gene knockout [2]. Transduction efficiency can vary, so abundance of 
each sgRNA is obtained per sample both at an initial time point, which we will refer to as 
T = 0 , as well as at a later time point, typically after a chosen number of cell doublings. Dif-
ferences in sgRNA abundance between the investigated experimental conditions reflect a 
differential effect on cell fitness of the specific knockout.

Two experimental designs are commonly used when studying differential effect on cell 
fitness between cell lines. For the assessment of drug sensitivity, one batch of cells is trans-
duced and sequenced ( T = 0 ) after which the cell sample is split, and the resulting parts are 
cultured separately, one with and the other without the drug of interest. This experimen-
tal design yields data that can be analysed per pair of replicates disregarding initial sgRNA 
abundance at T = 0 , as this is the same for both. Data analysis involves comparing sgRNA 
abundance between the treated and untreated replicates (Fig. 1A). We will refer to this drug 
sensitizing experimental design as the “paired design”.

For comparing two different cell lines, initial sgRNA abundance at T = 0 is measured per 
cell line. Then sgRNA abundances are compared between cell lines A and B at a later time 
point (Fig. 1B). We will refer to this design as the the “independent design”. The two cell 
lines here involved can for example be derived from the same parental cell line, with and 
without a mutation.
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Taking T = 0 into account and normalization

When using the independent design, sgRNA abundance can only be compared fairly 
between cell lines if its initial abundance is taken into account. To do this, we transform 
the count data into fold changes using the formula:

for a given sgRNA s, where Cs0 ,Cs represent the cell count at T = 0 and at the end point 
of the screen, respectively, and fcs is the resulting fold change. Indeed, fcs is the pro-
portion of cells containing sgRNA s lost relative to their initial abundance. It can take 
values from −∞ to 1, where 1 represents complete lethality (all cells with sgRNA s are 
lost between T0 and the end point, so Cs = 0 ), 0 represents no effect on cell viability 
(i.e. Cs = Cs0 ), and negative values indicate proliferation of cells containing the sgRNA s 
( Cs > Cs0).

The distribution of fold changes can vary between replicates, between conditions and 
between cell lines. The use of normalization procedures such as rscreenorm [9] is espe-
cially important when these distributions vary considerably. Rscreenorm makes use of 
assay controls (both negative and positive controls) and of quantile normalization to 
make measurements across replicates and cell lines more comparable and reflecting the 
functional effect. With rscreenorm we generate lethality scores per sgRNA, with values 
around 0 for sgRNAs yielding a phenotype similar to that of negative controls, and val-
ues around 1 for sgRNAs similar to positive controls. In other words, lethality scores 
around 0 represent the same cell fitness as for negative controls, whilst lethality scores 

(1)fcs =
Cs0 − Cs

Cs0

,

Fig. 1 Two commonly used experimental designs. A a drug sensitizing study compares the effect of gene 
knockout on paired replicates derived from the same initial sample screened at T = 0 , which is then split and 
each part is cultured under a different condition (typically treatment or not). B the comparison of two cell 
lines typically involves different sgRNA abundances at T = 0
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around 1 represent as little cell fitness as for positive controls. Quantile normalization 
is only required in case of large differences in fitness score distributions of the different 
samples. Lethality scores ls are derived from the fold changes via the formula:

where fcneg is the median of the sgRNAs’ fold changes in the negative control genes and 
fcpos is the median of the sgRNAs’ fold changes in the positive control genes.

An empirical‑Bayes regression model

By testing possible differences between fold changes of the different cell lines or condi-
tions, we can detect differential effect on cell fitness. To do so, we define a multivariate 
statistical model. For given gene g, replicate r and condition c, the following model is 
used:

where lgrc represents Sg the total number of sgRNAs targeting gene g, αg is the average 
lethal effect vector for the reference cell line, βg represents the difference in lethality of 
the gene knockout between the two conditions across sgRNAs targeting gene g, Cr repre-
sents the condition for replicate r, bg is a random effect accounting for variation between 
sgRNAs, and ugc is a random effect representing a possible interaction between sgRNAs 
and condition c, allowing for condition-specific sgRNA effects. Note that lgrc , αg , b and 
ugc are Sg x1 vectors, each with one entry per sgRNA targeting gene g. An unstructured 
correlation matrix is assumed for both random effects b and ugc . Indeed, due to differ-
ences between libraries with different number of sgRNA per gene, as well as their rela-
tive position in the gene, no assumptions can be easily made on the correlation existing 
between sgRNA of a same gene. The Sg x1 vector error term ǫr of the model is assumed to 
follow a multivariate normal distribution with mean 0Sg and variance-covariance matrix 
ISg , an identity matrix with Sg rows. We can then test the null hypothesis H0 : βg = 0 of 
no differential lethality of any of the sgRNAs between the conditions, against the alterna-
tive hypothesis Ha : β �= 0 of differential lethality. If an independent design is used, the 
condition represents a specific cell line, and the remaining cell line is used as reference. 
If a paired design is used, the condition represents a treated sample, and the untreated 
sample is used as reference.

This flexible model tries to capture multiple sources of variation at the gene level, 
namely across replicates (by means of Cr ) and sgRNAs (via b and ugc ), yielding a sin-
gle test per gene for difference in cell fitness between conditions. The model can be 
extended to incorporate longitudinal data (see subsection ”Multiple time points” below).

Experiments involving CRISPR screens often involve a low number of replicates over 
just two conditions, while measuring the abundance of tens of thousands of sgRNAs 
at the same time. Model fitting per sgRNA may therefore lead to unreliable estimates. 
To counter this, we fit the model using ShrinkBayes [10], an empirical-Bayes approach 
which uses shrinkage to yield parameter estimates. This produces estimates of fixed as 
well as of random effects in the model by means of efficient, deterministic numerical 
approximations using INLA [11]. Because our proposed method involves shrinkage, 

(2)ls =
fcs − fcneg

fcpos − fcneg
,

(3)lgrc = αg + βgCr + bg + ugc + ǫr , g = 1, . . . ,G, r = 1, . . . ,R, c = 1, 2,
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we call it “ShrinkCRISPR”. An R package is currently under construction for the use of 
ShrinkCRISPR and all codes used in this paper are available on the github page https://
github.com/RenTissier.

Per gene testing

ShrinkCRISPR enables us to test for differential effects on cell fitness directly at the gene 
level. This is equivalent to testing H0 : βg = 0 in Eq. 3. As such, the test takes into account 
existing variation between sgRNAs and between replicates, as well as a possible interac-
tion between sgRNAs and conditions. By taking all sgRNAs into account and model-
ling the separate sources of variation, this yields robust effect estimates which tend to be 
more reproducible.

Multiple testing correction

For each gene, a Bayes factor is obtained by fitting the model under the null and the 
alternative hypotheses and computing the ratio between the two posterior marginal like-
lihoods obtained. From this list of Bayes factors, the local false discovery rate (lfdr [12]) 
is computed for each gene. The lfdr has the advantage over the false discovery rate that 
the Bayes factors involved do not need to be independent.

Multiple time points

Another strength of ShrinkCRISPR is the possibility to include sgRNA abundance for 
more than two time points in the model. This can lead to an increase in power, as more 
measurements are available per replicate, and may allow for a reduction of the number 
of replicates. Model 3 with multiple time point becomes:

where βg1 represents the average differential lethality effect of the gene knockout 
between conditions, across sgRNAs and over time. The parameter βg2 can be interpreted 
as the change in cell population containing sgRNAs targeting gene g, and t represents the 
time points used. Another parameter of interest in this model is the interaction effect 
βg3 , representing a possible interaction between time and condition of the fold change of 
the sgRNAs targeting gene g.

Simulation study
Simulation setup

We performed a simulation study to evaluate the performance of ShrinkCRISPR, and 
to compare it to the commonly used methods drugZ [4] and MAGeCK [3]. All methods 
were compared in terms of true effects detected, as well as false discoveries produced. 
We simulated data for both paired and independent designs. This allows us not only to 
compare all three methods, but also to study the impact of variability of initial sgRNA 
abundance on results, which plays a role when using an independent design, but not 
when using a paired design. We assume the study involves two conditions ( c = 1, 2 ) with 
R replicates in each condition, and S sgRNAs studied so that S = g Sg , with Sg repre-
senting the number of sgRNAs per gene as before.

Our simulation setup involved the following steps: 

(4)lgrc = αg + βg1Cr + βg2t + βg3Cr × t + bg + ugc + ǫr ,
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1. Simulation of the mean lethality effect z∗g1 for each gene g in the control cell line using 
a gamma distribution of shape and scale fixed to 1: 

 As shown in Fig. S1 of the Additional file 1, such gamma distribution allows for a 
majority of lethality effects to be close or equal to 0. Assuming that most genes have 
a behaviour closer from a non-essential gene (gene known to not be impacting cell 
survival if knocked out) than from an essential gene (gene required for cell survival). 
The randomly generated lethality effects are subsequently scaled between 0 and 1 by 
dividing them by the maximum lethality effect obtained. Note that by rescaling the 
lethality effects, the lethality effect drawn from the gamma distribution are shrank 
towards zero (as we are divinding by a value higher than 1) subsequently increasing 
the number of non-essential genes in the control cell line.

2. Computation of the mean lethality effect for each gene in condition 2 by using 
z∗g2 = z∗g1 +�g , where �g represents the mean effect difference of all sgRNAs s tar-
geting gene g (defined later on). We define by S∗g  the set of indices s of sgRNAs target-
ing gene g. In the context of this simulation study, all sets S∗g  include 4 indices. Fur-
thermore, we represent by zsc the lethality effect for sgRNA s in condition c, which is 
equal to z∗gc for s ∈ S∗g  . So, {zsc, s = 1, . . . , } is the expanded set of values of lethality 
effects over all sgRNAs, corresponding to the original set {z∗gc, g = 1, . . . ,G} of gener-
ated values for all genes.

3. Simulation of the observed fold changes fcsrc for each sgRNA s, replicate r and condi-
tion c using a Gaussian distribution: 

 where σ 2 represents the biological variation between replicates of the same condi-
tion. The generated values {fcsrc, s = 1, . . . , S} for each replicate r are then organized 
in vectors, which form the columns of a matrix L of dimensions S × (2R).

4. Simulation of the S × (2R) matrix C0 representing the initial counts for each replicate 
shortly after transduction. The counts for the independent design case are simulated 
to control the average initial number of counts for each sgRNA as follows: 

 where f, i.e, the number of folds represents the average count of cells transduced by 
each sgRNA, �rsc ∼ U(0.05, 1.95) represents the transduction efficiency, and “trunc” 
is the truncation function. In the paired design case, the equation becomes: 

5. Computation of the matrix M of gene counts at a later time point using the formula: 

Each dataset contains 2 conditions with R = 3 replicates each and G = 1000 genes. 
Simulations are made independently for both paired and independent designs. For each 
gene, we simulate a fixed number Sg = 4 of different sgRNAs, resulting in a total of 

z∗g1 ∼ Ŵ(1, 1), g = 1, . . . ,G.

fcsrc ∼ N (zgc, σ
2) s = 1, . . . , S, r = 1, . . . ,R, c = 1, 2,

csrc,0 = trunc (f ∗ �rsc) s = 1, . . . , S, r = 1, . . . ,R, c = 1, 2,

csrc,0 = trunc (f ∗ �rs) s = 1, . . . , S, r = 1, . . . ,R,

M = C0 − C0 × L.
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S = 4000 sgRNAs. In each dataset the first 100 genes (400 sgRNAs) are simulated using 
the same value �g as mean effect difference for their sgRNAs. So for each experimental 
design, the value of �g is given by:

For each experimental design we consider 6 scenarios, each corresponding to a differ-
ent value of �g ∈ {0, 0.1, 0.2, 0.3, 0.4, 0.5} . A fixed value of σ = 0.1 and f = 400 is used 
in all scenarios. A total of 100 datasets are simulated and analyzed for each scenario. 
Four hundred positive control sgRNAs (sgRNAs from essential genes) and 400 negative 
control sgRNAs (sgRNAs from non-essential genes) are also simulated in each dataset. 
The simulation process is the same for remaining sgRNAs, with the exception that their 
mean lethality zg1 is fixed and is the same for both conditions. The mean lethality for 
positive controls is 0.8 and for negative controls is 0.1. A fixed value of σ = 0.05 is used 
for the controls.

ShrinkCRISPR is then applied for each of the 100 simulated datasets, and genes with 
lfdr < 0.05 are selected as significant.

These three tools (ShrinkCRISPR, drugZ and MAGeCK) make use of very different 
approaches, testing different hypotheses. As such, it is not possible to compare these 
methods based on for example parameters estimates. Furthermore, comparisons based 
upon the type-I error are not appropriate as ShrinkCRISPR is an empirical Bayesian 
method. To perform meaningful comparisons, we compare these tools using on their 
ability to classify genes as having differential fitness effects or not. Knowing the truth 
in the simulated datasets we built confusion matrices and focused on the number of 
true positives, true negatives, false positives as well as false negatives. We then derived 
different prediction accuracy measures such as sensitivity, specificity, precision, recall 
and accuracy. Results for sensitivity and specificity are included in the following sec-
tion, whilst those for precision, recall and accuracy are presented in the Additional file 1 
(Table S1 and Table S2).

Results

Paired design

Figure 2 shows that the performance obtained by the three approaches is rather differ-
ent across all simulation scenarios. Indeed, drugZ and MAGeCK yield too many false 
positive hits even when there are no differential effects, i.e. when �g = 0 , with on aver-
age 66.9 and 105.2 false hits respectively (left panel of Fig. 2). These numbers represent 
6.7 and 10.5% of false positives, respectively, when in fact 5% were expected. If no effect 
is simulated, then 100% of the hits are false positives. As �g increases, drugZ yields 
progressively less false positives, but that is not the case for MAGeCK. In contrast, 
ShrinkCRISPR does not yield any false positives across all different scenarios. This sug-
gests it is conservative, in this simulation setup.

In terms of true hits, drugZ is the best performing approach to detect small lethality 
effects, with on average 46.8 and 81.2 true positive hits when �g = 0.1 or 0.2, respec-
tively. However, drugZ is not able to detect all true positive hits when �g ≥ 0.3 , with a 
maximum around 90.2. ShrinkCRISPR displays low power for �g ≤ 0.2 , similar power to 

�g >0, g ∈ {1, . . . , 100}

�g =0, g ∈ {101, . . . , 1000}
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drugZ when �g = 0.3 and it outperforms all methods when �g ≥ 0.4 . MAGeCK shows 
in all scenarios a low ability to detect true hits, with less than 40% of genes with effect 
detected across all effects considered. All results are available in Table S1.

Figure  3 presents the ROC curves obtained by averaging the ROC curves across 
the 100 simulated datasets. Overall, ShrinkCRISPR performs at least as well as drugZ 
in terms of sensitivity and specificity. In particular, as the number of true positives 
increases, the corresponding number of false positives increases quicker with drugZ 
than with ShrinkCRISPR—this is clearly visible from the results obtained with �g = 0.1 . 
Thus, while ShrinkCRISPR is more conservative, it yields a higher ratio of true positive 
hits compared to false positives, for low �g values. Finally, MAGeCK shows worse per-
formance than both drugZ and ShrinkCRISPR in every scenario, in terms of sensitivity, 
specificity as well as error control level. This may be explained by the fact that it involves 
two one-sided tests, which inflates the false positive rate.

We can conclude that drugZ has more power to detect true hits related to small effects 
( �g = 0.2 ), while also yielding more false positives, compared with ShrinkCRISPR in 
our simulation study with a paired design. For larger effects, ShrinkCRISPR performs 
better, as it detects as many true hits as drugZ, while yielding virtually no false positives. 
MAGeCk displays less power and yields a higher false positive rate than the other two 
methods in the situations considered.

Independent design

When using an independent design, the initial sgRNA abundance may vary between 
replicates. Since both MAGeCK and drugZ do not take into account the initial sgRNA 
abundance, it is to be expected that they perform less well for data produced using this 
design. Indeed, both MAGeCK and drugZ yield many ( > 50 on average, where 50 were 
expected) false positive hits in simulated datasets (left panel of Fig.  4). This is under-
standable as both methods were developed for the paired experimental design. In 
contrast, ShrinkCRISPR yields no false positives throughout all different simulation 
scenarios.
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In terms of true positives, ShrinkCRISPR is conservative for small effects, detect-
ing at most 5 true hits on average for �g ≤ 0.2 . For �g ≥ 0.3 and higher, it identifies 
between 80 and 100% of all hits. MAGeCK and drugZ detect between 10 and 20% of 
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hits for �g ≤ 0.2 , but find only 33.1 % and 55.1 % of all true positives respectively for 
�g = 0.5 (Fig. 4, right panel).

As expected, for this design ShrinkCRISPR yields ROC curves considerably better 
compared to both drugZ and MAGeCK (Fig. 5). Indeed, ShrinkCRISPR displays simi-
lar sensitivity and specificity for the independent design to that for the paired design. 
In contrast, both drugZ and MAGeCK yield more false positives and less power for 
the independent design.

Overall, both MAGeCK and drugZ display worse performance with the independ-
ent design, compared to the paired design. In terms of false positives, drugZ yields 
on average 10% false positive hits for �g = 0 , compared to 6.7% in the paired design, 
and 1% for �g = 0.5 , compared to 0% in the paired design. In addition, the maximum 
power it achieved in simulations was below 60%. MAGeCK yields more false positives 
using the independent design, compared with the paired design. Note that the perfor-
mances of drugZ for an independent design is dependent on the amount of variation 
at baseline. To illustrate this, we also simulated independent screens with a variance 
at baseline being approximately half the variance in the results above. This led to an 
improvement of the performances of drugZ (see Additional file 1: Table S3).
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The performance of both drugZ and MAGeCK is worse under the independent design 
because both methods do not take into account the initial sgRNA abundance variation. 
In this case, it is essential to include the initial screen (at T = 0 ) in the analysis.

The absence of false positives across all simulation scenarios highlights the conserva-
tism and potential lack of power of ShrinkCRISPR with a small number of samples, for 
small effect sizes. This is confirmed by results obtained using less extreme lethality val-
ues for the positive and negative controls (see Additional file 1: Table S2). By increasing 
the variance of lethality effect σ 2 , the number of false positives increases but remains 
small. It is also important to note that all sgRNAs are simulated with no count increase 
between T=0 and the later time point T, further limiting the ability to detect hits for 
ShrinkCRISPR as no growth of the different populations of sgRNA-transduced cells is 
simulated.

Computation time

Regarding the computation time of the three methods, ShrinkCRISPR is significantly 
slower than drugZ and MAGeCK. This is a consequence of the need to fit an empirical-
Bayes mixed effect model. We studied the impact of the number of replicates and the 
number of sgRNAs per gene on the computation time of ShrinkCRISPR. The number 
of replicates varied between 2 and 4 replicates per condition and the number of sgRNAs 
per gene were assumed to be 4, 6 or 8. For each combination of replicates and num-
ber of sgRNAs per gene, we simulated 10 datasets containing 1000 genes and looked at 
the average computation time (across all datasets) needed by ShrinkCRISPR. Note that 
ShrinkCRISPR is build to use parallel computing, and for this experiment 4 cores were 
used in parallel.

As can be seen from Fig. 6, the number of sgRNAs has a larger effecton the compu-
tation time than the number of replicates. Indeed, 386 s (roughly 6.4 min) are in aver-
age needed to run the 1000 genes analysis with 2 replicates and 4 sgRNAs per gene, 
which corresponds after correcting for parallel computing to 1.5 s per gene, while 462 s 
(roughly 7.7 min) on average are needed for the analysis of 1000 genes, 1.85 s per gene, 
with 8 sgRNAs per gene and the same number of replicates. This is a 25% increase in 
computation time, which can be explained by the larger number of parameters to be esti-
mated in the unstructured variance-covariance matrix of bg , ugc . In contrast, increasing 
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the number of replicates from 2 to 4 only led to an increase of 2% and 5% for 4 and 8 
sgRNAs per gene, respectively. Considering the number of 20,000 genes in the human 
genome and on average 1.6 sec of computation per gene, ShrinkCRISPR requires a bit 
less than 9 h to fit the mixed-effects model to data for a whole genome CRISPR screen 
without parallel computing.

Experimental data analysis
We applied ShrinkCRISPR to the following public datasets: 1. cisplatin sensitivity 
screens, as part of a large study of the sensitivity to a variety of drugs of human RPE1 
cells [13]] using a paired design; 2. the longitudinal screens of two cancer cell lines (HeLa 
and HCT116), performed with the first generation of the Toronto KnockOut (TKO) 
library [1]. For the latter, we analysed both single time points, as well as multiple time 
points with the model.

Cisplatin sensitivity (paired design)

Cisplatin causes DNA crosslinks, of which the repair requires specific DNA damage 
response genes, most notably components of the Fanconi anemia pathway [14]. This 
means that, in studies involving screening of cell lines with and without cisplatin, the 
clearest illustration of biological relevance involves genes whose knockout is specifi-
cally lethal in cisplatin-treated cells. In [13] human RPE1 cells were screened using the 
TKOv3 sgRNA library with and without cisplatin. The different screens were performed 
in duplicates. As this low number of replicates is challenging for mixed effect models, we 
grouped two screens that were executed identically (cisplatin 2 and cisplatin 3), yielding 
four replicates for both treated and untreated cells.

ShrinkCRISPR identified 37 significant hits (lfdr =.10, colored dots in Fig. 7), the vast 
majority showing lower abundance in cisplatin-treated as compared to untreated cells – 
this is represented by a negative effect appearing on the left side of the volcano plot.

As expected, these include 12 (out of 22) known Fanconi anemia genes (depicted as 
green dots in Fig. 7), as well as other known DNA repair genes such as GTF2H5, ERCC8, 
C19orf40 (FAAP24), ERCC5, RAD18, GTF2H5, RAD51B and MUS81.

Notably, because the calculated lethality score Z is continuous and can take values var-
ying from −∞ to 1 (1 indicating complete depletion relative to controls and to T0 , and 
negative values indicating enrichment), the effect sizes of enriched genes can potentially 
be very large. An example of such a hit is PTEN, a multifunctional tumor suppressor 
protein which, when absent, may increase cellular growth and survival (see for example 
[15]). It displays enrichment in both cisplatin-treated and untreated cells, but this is sig-
nificantly less pronounced in the treated cells, possibly reflecting that the chemothera-
peutic drug cisplatin particularly affects fast growing cells (Figure S4 of the Additional 
file 1).

Longitudinal analysis (independent design)

To illustrate the use of ShrinkCRISPR with multiple time points, we use screen data pro-
duced by [1] with the TKOv1 library. Here we will include data of HCT116 (colorectal 
carcinoma) and HeLa (cervical carcinoma) cell lines, as both were screened in triplicate 



Page 14 of 21Tissier et al. BMC Bioinformatics           (2023) 24:36 

at four time points (Additional file 1: Table S3). This study used an independent design, 
with the HeLa cell line used as reference.

The raw data was preprocessed by first calculating fold changes (Eq.  1) and using 
rscreenorm [9] to yield quantile-normalized lethality scores. The second step was 
needed to correct for differences between cell lines. Since the HeLa cell line was used 
as reference, lethality scores represent the difference in cell counts in the HCT116 com-
pared to HeLa cell line. We first analyzed the different time points individually, yield-
ing four separate sets of results. Subsequently, we used the longitudinal model (Eq. 4) to 
analyse all time points together. Genes were selected with lfdr = 0.05.

Single time point analysis

The top 10 genes selected per time point display little overlap with those for other time 
points (Fig. 8). In addition, some genes with very small effect sizes are found to be statis-
tically significant. Indeed, OR52H1 is an olfactory receptor gene, unlikely to be function-
ally different when knocked out in these cells, and known to be an off-target effect.

Estimated effect sizes for consecutive time points showed remarkable consistency 
(Fig. 9). Indeed, linear regression fitted between estimated effect sizes yielded R2 = 0.90 
between T = 1 and T = 2 , R2 = 0.89 between T = 2 and T = 3 , and R2 = 0.97 between 
T = 3 and T = 4 . The high agreement between T = 3 and T = 4 shows that observed 
effects mostly occur prior to T = 3.
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A comparison between hit lists of genes obtained per time point yielded a substantial 
number of genes selected only for T = 1 (124 out of a total of 336—table 1). Such differ-
ences may reflect early or late biological effects of specific genetic perturbations, such as 
differences of depletion speeds between cell lines. Numbers of genes selected only for 
later time points represented smaller proportions of the total of genes selected (28 out of 
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204, 41 out of 273 and 83 out of 322 for T = 2, 3, 4 respectively). Differences between hit 
lists of genes arise as a result of applying a threshold on the genes’ lfdrs, which takes into 
account results for all genes at once. Being threshold-dependent, they are less general: 
indeed, the overlap between gene lists is 100% for a threshold of either 0 or 1. In addi-
tion, the lfdr for a gene varies if results for other genes vary. Thus, comparisons between 
effect sizes as in Fig.  9 are fairer as they better reflect gene-specific effects. Note also 
that, while only 36 significant genes are selected by all 4 time points, higher agreement is 
observed for later time points (Fig. S5 of Additional file 1).

Multiple time points analysis

We selected the most extreme time points to fit the model considering multiple time 
points. For this part, the rscreenorm quantile normalization step was removed from the 
preprocessing, and this model (longitudinal) as well as the analysis of single time points 
T = 1 and T = 4 were re-run.

Figure  10 illustrates the agreement between the 3 model results. The longitudinal 
model yielded many more hits: 781 genes compared to 337 and 234 for T = 1 and T = 4 , 
respectively. Only 101 genes were selected between all model fits. This is mostly due to 
the disagreement between results using only 1 time point, as only 49 genes from each of 
the single time point models are not recovered by the longitudinal model. However, the 
large number of hits that are uniquely found with the longitudinal model suggests it has 
increased power for hit identification.

Discussion
We present ShrinkCRISPR, a new, flexible and powerful method for the analysis of 
CRISPR screen data for identification of differential effect on cell fitness between condi-
tions. This method incorporates initial sgRNA abundance of each cell line in analyses, 
enabling its use for various types of experimental designs, including drug-sensitizing 
screens and isogenic-cell screens. Taking all individual sgRNAs per gene at once in the 
model, ShrinkCRISPR can test for differences between conditions at the gene level. It 
makes use of an empirical-Bayes framework, which allows us to represent sgRNA effects 
as random and condition effects as fixed. The model averages out extreme or conflicting 
changes, picking out effects that are consistent across most sgRNAs targeting that gene. 
By adequately accounting for different sources of variability, the method yields as much 

Table 1 Number of significant genes selected by two consecutive time points with lfdr=0.05

Each row displays the number of selected genes for that time point, individually (diagonal) and in overlap with subsequent 
time points. The total number of significant genes per time point is displayed in the column Significant genes, and the 
number of significant genes selected by all time points is displayed in the row All

Time Point T = 1 T = 2 T = 3 T = 4 Significant 
genes

T = 1 124 138 141 148 336

T = 2 – 28 97 97 204

T = 3 – – 41 160 273

T = 4 – – – 83 322

All – – – – 36
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power as others for most effects, whilst consistently keeping false discoveries under con-
trol. Finally, testing at the gene level requires less multiple testing correction than at the 
sgRNA level, yielding more power.

Our method takes into account existing variation between sgRNAs, as well as possible 
variation of sgRNAs on cell fitness between conditions via the interaction effect in the 
model. This yields more robust estimates than those obtained by analysing individual 
sgRNAs separately: such methods may seemingly produce estimates that display less 
variability per sgRNA, giving a false impression of more accuracy. In fact, by neglecting 
inter-sgRNA variability, results represent largely effects on the current experiment, so 
tend to be difficult to replicate in new experiments, when different replicates, and some-
times different sgRNAs, are used.

In a simulation study, ShrinkCRISPR yielded similar ROC curves to those produced 
by a another method, drugZ, for drug sensitizing screens using paired designs. How-
ever, ShrinkCRISPR yields much less false positives in general. It also outperforms both 
drugZ and another method, MAGeCK, in the context of independent designs, used e.g. 
for isogenic screens, as it is the only approach to take into account initial sgRNA abun-
dance. While multiple factors may lead to variability in initial sgRNAs abundance, in 

Fig. 10 Venn diagram illustrating the overlap of genes found to have a differential effect on cell fitness 
between HeLa and HCT116 cells, for the three different models (longitudinal, single time point at T = 1 and 
single time point at T = 4)
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published work we found no results reporting such checks. The publicly available data 
we used in our examples illustrates this point.

The method drugZ was developed to analyse screen data from paired designs. As such, 
it is not unexpected to perform less well for the analysis of screens generated using inde-
pendent designs. In our simulation study, we used it to analyse data from independent 
designs to illustrate the impact of ignoring initial sgRNA abundance on results.

ShrinkCRISPR is the best approach in terms of controlling the proportion of false 
positive hits, while it is able to find all hits with strong differential effect. However, 
ShrinkCRISPR is conservative: the false discovery rate is under the desired level, and 
the method is not able to detect hits with small effect sizes. The low power for detecting 
small effects could be potentially improved upon by using a spike-and-slab prior for the 
effect of interest, which would enable the model to better separate a subset of genes with 
no differential behaviour between groups, from those with differential behaviour. Using 
the current simulation study setup, however, this did not lead to a better performance 
(data not shown). The choice of spike-and-slab prior will be available in the R package 
ShrinkCRISPR.

Results of the simulation study must be interpreted with care. Indeed, each individual 
simulated dataset used the same effect size �g for all genes with a condition effect. This 
enables us to draw conclusions about power of the methods for detecting effects of dif-
ferent sizes, as well as to understand how the amount of false discoveries depends on the 
effect size present. In practice, experimental data will involve genes with a range of effect 
sizes. The specific range typically depends on the experimental design and conditions 
involved. Thus, quantitative results about power and proportion of false discoveries 
from our simulation study cannot be easily translated to practical applications. The vari-
ance existing between sgRNA count within a gene or between replicates can be due to a 
lot of different phenomenon and is not easily quantifiable. The total amount of variation 
simulated in the simulation study could not be representative of the experimental results 
with the improvement of CRISPR screens. However, we have shown with the simulation 
study that ShrinkCRISPR was robust to most variability sources.

Our method has been designed to analyse CRISPR screen data generated by sequenc-
ing, consisting of counts. Our proposed pipeline takes the initial sgRNA abundance into 
account by computing fold changes 1, and subsequently computes lethality scores via 
rscreenorm. As such, the pre-processed data are no longer counts, and in fact is ana-
lysed using model 3 with an error term following a normal distribution.

While we suggest using this pipeline, other researchers may choose to use fewer or 
none of these pre-processing steps. For example, when studying results for isogenic cell 
lines, relatively smaller effects are expected than when using cell lines from different 
individuals or different tissue types. In such cases, sharing of the initial sgRNA abun-
dance eliminates one important variability source. In addition, lethality score distribu-
tions for library sgRNAs as well as for assay control sgRNAs tend to be stable across cell 
lines, and normalization with rscreenorm may be unnecessary. In such cases, the data 
will involve both over-dispersion as well as potentially zero inflation. The flexibility of 
the proposed framework enables ShrinkCRISPR to still be used, by fitting model 3 with 
a negative binomial distribution for the response Zgr as counts, accounting for over-dis-
persion. It can also include a term to account for zero inflation.



Page 19 of 21Tissier et al. BMC Bioinformatics           (2023) 24:36  

Some researchers suggest combining multiple test results for sgRNAs targeting the 
same gene by means of summarizing their p values (one example is REF), say using the 
minimum of them. This can lead to over-optimistic results, as the summary works simi-
larly to a filtering of the features, since only one test is selected from a set of them. As a 
filter, the selection of the sgRNA test with the smallest p value is not independent of the 
test result by definition, and this yields a bias on the FDR control method [16].

There are methods currently in use which rely on more sophisticated approaches for 
combining sgRNA-level results (statistics or p values) to yield gene-level statistics or 
p values [4]. While several methods exist to combine p values of various tests [17–19], 
most of them require independent tests, which is not the case for sgRNAs targeting the 
same gene. There are p value combining methods which allow for non-independent 
test, but then only for one-sided significance testing [20]. Such methods would there-
fore require two statistical tests, which are clearly not independent. So, using such 
approaches would increases the severity of multiple testing correction, and possibly lead 
to an inflation in false positive hits due to correlation between tests.

ShrinkCRISPR relies on enough replicates per combination of group and cell line, 
ideally 3, to yield reliable results. Indeed, using 2 replicates to a poorer ShrinkCRISPR 
performance, as variances within and between cell lines are then poorly estimated. In 
particular, if a single replicate is available for each combination of group and cell line, 
ShrinkCRISPR cannot be applied. While this can be seen as a too strong require-
ment by some researchers, we think this is a reasonable restriction: it follows from 
the need for estimating variability for all sources of variation, which is precisely what 
enables ShrinkCRISPR to yield less false discoveries. A further challenge when using 
ShrinkCRISPR is that the effect sizes are not always straightforward to interpret due 
to the several normalization steps. Furthermore, as all approaches using fold changes, 
ShrinkCRISPR is sensitive to extreme values for sgRNA initial abundance, in particular 
very low ones.

The TKO data analysis in section  showed that our approach can account for multiple 
effects in CRISPR screens, both at the sgRNA and at the replicate levels. Indeed, esti-
mated effects of different time points showed strong agreement: their correlation was at 
least 90% on average. Finally, by taking multiple time points into account in the model, 
ShrinkCRISPR significantly increased the power to detect differential effect on cell fit-
ness, finding more time-independent effects than when individual time points were 
used.

Another important step of pre-processing common to all methodologies based on fold 
changes is the handling of low counts. Indeed, in ShrinkCRISPR we create a fold change 
to measure the population growth of cell transduced with a specific sgRNA. The pres-
ence of low sgRNA counts at the initial time point can lead to a large fold change value 
and thus to an artificially large lethality score. This can then produce false positive hits. 
By modelling the variance between sgRNAs within a gene, ShrinkCRISPR is more robust 
to extreme values for individual sgRNAs. However, this may not be sufficient. One com-
mon approach to deal with such problems is to add to all raw low counts at T0 a fixed 
(small) number of ’cells’ in order to reduce the impact of such low counts on results.

We conclude that ShrinkCRISPR yields at least as much power to other existing ones 
for most effects, with much better true positive proportions, even if conservative. As 
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downstream validation studies are extremely time-consuming, it represents an impor-
tant step towards making better use of data produced, producing more reproducible 
results, and leading to more efficient studies.
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