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Abstract 
Clustered regularly interspaced short palindromic repeats (CRISPR) screens represent a transformative force in biological 
discovery, enabling the unbiased interrogation of gene function in a wide range of applications. Traditional screening approaches 
predominantly hinge on cell fitness or established markers, which inherently constrain their abilities for unbiased biological 
discovery. By contrast, single-cell CRISPR screening technologies, which combine pooled CRISPR screens with an array of 
sophisticated single-cell omics platforms, permit comprehensive profiling of the transcriptome and epigenome following individual 
genetic manipulations within complex cellular ecosystems. Over the past decade, a panoply of single-cell CRISPR platforms has 
emerged, each tailored to address specific experimental challenges. Iterative refinements in protocols have bolstered precision, 
scalability, and reproducibility, thereby enormously advancing functional genomics and translational research. However, technical 
obstacles such as perturbation efficiency, scalability, and data integration persist, necessitating cross-disciplinary collaboration 
and innovation. As single-cell CRISPR platforms evolve to incorporate spatial resolution, multi-omics integration, and AI-guided 
design, they are poised to bridge the gap between genetic perturbation and system-level interpretation. Here, we summarize 
recent advances in single-cell CRISPR technologies, outline their applications, and provide a comparative framework to guide 
platform selection (Perturb-seq, CROP-seq, ECCITE-seq, Direct-seq, and Mosaic-seq).
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The clustered regularly interspaced short palindromic repeat 
(CRISPR) renaissance was ignited by the revelation that RNA-
guided prokaryotic CRISPR-associated (Cas) effectors could 
induce double-strand breaks (DSBs) within eukaryotic genomes.1,2 
An enormous diversity of discovered effectors, categorized into 
multi-subunit effector systems (class 1, comprising types I, III, IV, 
and VII) and single-protein effector systems (class 2, comprising 
types II, V, and VI), has propelled the development of innovative 

tools.3 Among these, the Type II CRISPR effector Cas9 has 
been extensively explored, which has been reviewed elsewhere.4 
By engineering single guide RNAs (sgRNAs), CRISPR-based 
approaches can precisely direct Cas9 to specific genomic loci, 
enabling site-specific DSBs. These DSBs subsequently rely on 
intricate cellular DNA repair pathways, such as the competing 
non-homologous end-joining (NHEJ), microhomology-mediated 
end-joining (MMEJ), and homology-directed repair (HDR) 
mechanisms, to achieve genome editing.5 Beyond leveraging 
the cell intrinsic repair mechanisms for genome editing, inacti-
vation of HNH and/or RuvC nuclease domains yields catalyti-
cally deficient variants (dCas9 and Cas9 nickase) that can in turn 
recruit other effector domains.6 These effector domains include 
transcription activation or transcription repression modulators 
(CRISPRa or CRISPRi),7,8 catalytic domains of DNA deaminase 
(base editor),9,10 reverse transcriptase (prime editor),11 and inte-
grases (PASTE).12 These evolved genome engineering toolkits are 
capable of achieving more precise and predictable genome edit-
ing outcomes.

Beyond the canonical SpCas9, other orthologues, including 
Streptococcus thermophilus Cas9 (StCas9), Campylobacter 
jejuni Cas9 (CjCas9), and Staphylococcus aureus Cas9 
(SaCas9), have expanded the repertoire of tools adaptable for 
eukaryotic genome manipulation.13–16 Furthermore, additional 
Cas effectors, such as Cas1217 and Cas1318 from Type V and VI 
CRISPR systems, respectively, as well as Cas6e19 and Csm–Cmr 
complexes20 from Type I and III CRISPR systems, have been 
characterized, further enriching the genome engineering toolkit.

The CRISPR technology empowers researchers to simulta-
neously interrogate myriad perturbations and pinpoint genes 
intricately involved in specific biological processes through a for-
ward paradigm of genetics. This methodology leverages pooled 
or arrayed sgRNA libraries with each sgRNA targeting an indi-
vidual gene, thereby enabling comprehensive genome-wide or 
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focused loss-of-function, gain-of-function, or base-editing per-
turbations across cellular populations.21–25 Upon the delivery of 
sgRNA library in conjunction with Cas9 or derived variants, 
cells are subjected to phenotypic selection, such as survival 
challenge, proliferation, and fluorescence- or image-based 
sorting.26–28 Deep sequencing of sgRNA abundance pre- and 
post-selection identifies genes whose perturbation confers either 
a selective advantage or disadvantage, thus establishing a pro-
found connection between genotypes and phenotypes. CRISPR 
screens hold the potential to unravel the intricate mechanisms 
of gene function and regulation in an unprecedentedly parallel 
fashion, and to enable exploration of how genes work together 
to modulate complex phenotypes.

1.  SINGLE-CELL CRISPR SCREENING
A key limitation of bulk CRISPR screening is that this ap- 

proach can only provide information on sgRNA enrichment 
or depletion, without characterizing the cell components that 
are either enriched or depleted.26 A promising alternative is to 
integrate CRISPR screening with single-cell RNA-sequencing 
(scRNA-seq), hereafter referred to as single-cell CRISPR 
screening. This approach dissects the transcriptome of individ-
ual cells, revealing functional nuances previously inaccessible 
(Fig. 1). Notable approaches include Perturb-seq,29,30 CRISP-
seq,31 CROP-seq,32 and Mosaic-seq.33 For a detailed sum-
mary of representative single-cell CRISPR screening platforms 
and their applications, please refer to Supplementary Table 1, 
https://links.lww.com/BS/A138. While these single-cell CRISPR 
screening approaches offer unprecedented insights, they face 
technical complexity and throughput limitations. Split-pool 
ligation-based transcriptome sequencing (SPLiT-seq)34 addresses 
these using combinatorial barcoding to analyze >100,000 cells/
run without microfluidics overcoming low throughput (<104 
cells) and costs (>$1/cell). Compatible with fixed samples, it 
integrates multi-omics, minimizes batch effects, and enhances 
studies of gene perturbations35,36 (Fig. 2).

The readout for single-cell CRISPR screens extend far 
beyond RNA-seq, encompassing epigenetic profiling and 
protein detection to elucidate chromatin architecture or the 
expression patterns of cell surface proteins, respectively37,38 
(Supplementary Table 1, https://links.lww.com/BS/A138). 
Epigenetic methodologies, such as Perturb-ATAC,39 CRISPR–
sciATAC,37 or SPEAR-ATAC,38 unveil the impact of individual 
gene or regulatory element perturbations on the chromatin 
landscape. Simultaneous quantification of transcriptomes and 
surface protein expression within individual cells has been pre-
viously achieved through innovative techniques like CITE-seq40 

or REAP-seq.41 The approaches harness oligonucleotide-
barcoded antibodies, which specifically bind to cell surface pro-
teins, and integrate these signals with scRNA-seq data within 
a cohesive and unified workflow. Advanced frameworks such 
as Expanded CRISPR-compatible CITE-seq (ECCITE-seq)42,43 
or direct-capture Perturb-seq44 allow CRISPR screening while 
simultaneously capturing multiple modalities, including tran-
scriptome, clonotype, sgRNAs, surface protein, or cell hashing. 
These groundbreaking technologies have unlocked the poten-
tial for pooled CRISPR screens at an unprecedented single-cell 
resolution, greatly facilitating our understanding of biological 
processes and disease progression.

2.  DETECTION OF sgRNA SEQUENCES
The cornerstone of the process lies in correlating sgRNA 

information with single-cell omics profiling. Given that sgRNAs 
are transcribed by RNA polymerase III and lack polyadenyla-
tion (polyA) tails, traditional polyA-based capture methods 
prove inadequate for their detection.45 To overcome this, 2 
general strategies have been developed: polyA-adapted meth-
ods, which embed the sgRNA or an associated barcode into a 
polyadenylated transcript compatible with standard scRNA-
seq capture; and polyA-independent methods, which directly 
capture sgRNAs using modified scaffolds or custom primers 
without relying on polyA tails. An engineered vector that allows 
detection of either the sgRNA or a tethered barcode sequence is 
required (Fig. 3, Supplementary Table 1, https://links.lww.com/
BS/A138).

Strategically, sgRNAs coupled unique barcodes can be posi-
tioned under a constitutive promoter and immediately upstream 
of the poly-A signal, thus enabling their efficient detection 
through scRNA-seq (Fig. 3). However, a significant challenge 
arises with this approach: the potential uncoupling of sgRNAs 
and their corresponding barcodes during viral packaging due 
to template switching.46 Beyond DNA-based barcoding, com-
binations of antibody-detectable epitopes can be employed to 
generate protein-based barcodes (ProCodes).47 Nevertheless, 
protein-based barcoding remains susceptible to barcode swap-
ping observed in previously described methodologies.

The challenge of uncoupling can be elegantly resolved by 
directly interrogating the sgRNA rather than relying on a bar-
code (Fig. 3). CROP-seq employs an ingeniously re-engineered 
vector, embedding the sgRNA within the 3′ long terminal repeat 
(LTR). This design ensures that the sgRNA in the 3′ LTR is 
co-transcribed with other viral genes by RNA polymerase II, 
thus enabling detection via conventional scRNA-seq protocols.32 
Direct-seq introduces an innovative 8A8G sequence into the 

Figure 1.  Summary of evolved single-cell CRISPR screening technologies. CRISPR = clustered regularly interspaced short palindromic repeats.
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sgRNA scaffold, allowing for direct capture using polyT primers 
under standard scRNA-seq conditions.48 Direct-capture Perturb-
seq utilizes reverse transcription primers tailored to target 
specific scaffold sequences, compatible with scRNA-seq work-
flows.44 However, its capture efficiency may be compromised by 
complex structures such as stem-loops within the scaffold.

Emerging sgRNA capture technologies are advancing and offer 
promising alternatives. For example, antibody-based protein bar-
coding methods, such as Perturb-map with ProCode, link sgRNAs 
to fluorescent epitopes and enable spatial analysis.49 Collectively, 
these strategies not only enhance sensitivity and specificity but also 
sharpen spatial resolution, unlocking pathways for transformative 
insights into intricate physiological and pathological conditions.

3.  APPLICATION OF SINGLE-CELL CRISPR 
SCREENS

Single-cell CRISPR screens, such as Perturb-seq30 and CROP-
seq,32 provide pooled information on genetic perturbations and 
associated multivariate phenotypic changes at the individual 

cell and, therefore, are promising tools for genotype–pheno-
type mapping. Herein, we highlight recent advancements in the 
application of single-cell CRISPR screens within biological and 
medical research (Supplementary Table 1, https://links.lww.
com/BS/A138).

Adamson et al harnessed the power of perturb-seq for a 
comprehensive dissection of the mammalian unfolded protein 
response (UPR).29 They decoupled the 3 UPR branches gov-
erned by IRE1α, ATF6, and PERK, respectively, revealed bifur-
cated UPR branch activation and uncovered responses among 
cells exposed to the same perturbation. Dixit et al showcased 
the versatility of perturb-seq by analyzing 200,000 cells, with 
a focus on elucidating the intricate regulatory mechanisms of 
transcription factors (TFs) governing dendritic cell responses 
to lipopolysaccharide (LPS).30 Pacalin et al further developed 
CRISPRai Perturb-seq that enables simultaneous activating 
(CRISPRa) and repressive (CRISPRi) perturbations at 2 dis-
tinct genomic loci within the same cell.50 They subsequently 
employed this approach to unravel the intricate genetic 
interplay between SPI1 and GATA1 during erythroid differ-
entiation, and the complex regulatory dynamics of multiple 

Figure 2.  Workflow of single-cell CRISPR screening. The single-cell CRISPR workflow begins with sgRNA library packaging, followed by viral delivery to target 
cells at low MOI. After selection, cells undergo sequential barcoding steps (reverse transcription with first barcode, ligation with second and third barcodes/UMI), 
cell lysis, and PCR with a fourth barcode before SPLIT-seq and analysis. BC = barcode, CRISPR = clustered regularly interspaced short palindromic repeats, 
MOI = multiplicity of infection, sgRNA = single guide RNA, UMI = unique molecular identifier.
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enhancers in modulating the expression of the IL2 gene in T 
cells.50 To uncover the genetic determinants underlying can-
cer cell susceptibility to natural killer (NK) cell activity, Dufva 
et al conducted genome-wide CRISPR screens and targeted 
CROP-seq analyses in cancer cells, highlighting the multifac-
eted mechanisms shaping NK cell susceptibility.51 Rapiteanu 
et al conducted a CROP-seq analysis targeting 45 non-coding 
regulatory elements and 35 transcription start sites enriched 
within T-cell-specific open chromatin regions.52 By profil-
ing approximately 250,000 single-cell T-cell transcriptomes, 
this study unveiled the genes and molecular programs mod-
ulated by these regulatory elements in primary CD4+ T cells. 
Recently, single-cell CRISPR screening was applied to human 
brain organoids to uncover developmental defects associated 
with autism spectrum disorder, highlighting the power of this 
approach in modeling complex neurodevelopmental diseases.53

Additional breakthroughs in single-cell CRISPR technolo-
gies have emerged and been deployed with remarkable inge-
nuity. Khavari et al introduced Perturb-ATAC, an innovative 
method that merges multiplexed CRISPR interference or knock-
out with transposase-accessible chromatin sequencing (ATAC-
seq).39 The team then applied Perturb-ATAC to investigate TFs, 
chromatin-modifying factors, and non-coding RNAs (ncRNAs), 
revealing a hierarchical network of TFs orchestrating B cell 
state.39 Similarly, Liscovitch-Brauer et al37 devised a compara-
ble technique called CRISPR–sciATAC. In human myelogenous 
leukemia cells, CRISPR–sciATAC was employed to target 105 
chromatin-related genes, constructing an extensive chroma-
tin accessibility atlas for approximately 30,000 single cells. 
Furthermore, Morris et al pioneered base-editing STING-seq 

(beeSTING-seq), combining base-editing CRISPR screens and 
scRNA-seq, and employed it to quantify the effect size and 
direction of blood trait GWAS variants on gene expression in 
human erythroid progenitors.54

Collectively, single-cell CRISPR technologies hold a transfor-
mative potential for deciphering genetic regulation and functional 
heterogeneity at unprecedented resolution.55 Moving forward, 
advancements will likely focus on amplifying the scalability of 
single-cell CRISPR technologies, thereby enabling genome-wide 
screens within single-cell frameworks. Emerging machine learn-
ing algorithms tailored for single-cell CRISPR data will serve 
as indispensable tools in deciphering high-dimensional datasets 
and forecasting synergistic gene interactions.42 Furthermore, the 
application of spatial CRISPR screens promises could bridge 
molecular perturbations with tissue architecture, shedding light 
on how microenvironmental cues sculpt cellular behavior.

To facilitate informed decision-making in platform selec-
tion, we present a curated comparative benchmarking table 
(Supplementary Table 2, https://links.lww.com/BS/A138), which 
encapsulates the essential experimental parameters across 5 
single-cell CRISPR screening platforms. The data compiled 
herein are primarily drawn from peer-reviewed publications and 
reflect empirically validated experimental applications, rather 
than speculative theoretical capacities.

4.  COMPUTATIONAL TOOLS FOR ANALYZING 
SINGLE-CELL CRISPR SCREENING DATA

Single-cell CRISPR screening has revolutionized the field of 
functional genomics by seamlessly integrating precise genetic 

Figure 3.  SgRNA capture approaches. Schematic representation of indirect and direct gRNA capture approaches. Indirect capture methods (Perturb-seq, 
Mosaic-seq) rely on barcodes (shown in red) to link sgRNAs with transcriptomes. Direct capture methods (CROP-seq, Direct capture Perturb-seq) enable direct 
sequencing of sgRNAs (shown in blue). Text labels for indirect methods are shown in red, while direct methods are shown in blue to highlight the 2 distinct 
strategies. BGHpA = bovine growth hormone polyadenylic acid, CS = capture sequence, EF1α = elongation factor 1 alpha, LTR = long terminal repeat, sgRNA 
= single guide RNA, WPRE = woodchuck hepatitis virus post-transcriptional regulatory element.
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perturbations with high-resolution, genome-wide transcrip-
tomic profiling. However, the resulting datasets pose formidable 
analytical challenges due to their high dimensionality, spar-
sity, and inherent biological and technical noise. In response, 
a sophisticated and multifaceted array of computational tools 
has emerged, spanning the entire analytical pipeline, from initial 
data preprocessing and quality control to advanced functional 
interpretation and predictive modeling. We offer a detailed over-
view of the currently available tools in Supplementary Table 3, 
https://links.lww.com/BS/A138.

A resilient analytical workflow commences with the accu-
rate assignment of sgRNAs to individual cells, a process that 
can be systematically optimized using tools such as crispat.56 
It is essential to account for both biological variability and 
technical artifacts. Mixscape uses Gaussian mixture models 
to distinguish perturbed cells from non-responders,42 while 
SCEPTRE applies conditional resampling to control confound-
ers and provide calibrated inference.57 Following normaliza-
tion, a variety of analytical strategies are employed to quantify 
the impact of genetic perturbations. scMAGeCK, for example, 
adapts negative binomial and rank-based models originally 
developed for bulk screens, while MIMOSCA (Multi-Input-
Multi-Output-Single-Cell-Analysis) leverages regularized lin-
ear modeling to elucidate the intricate relationships between 
perturbations and transcriptomic responses.30 At the sys-
tems biology level, MUSIC (Model-based understanding of 
scCRISPR screening) applies topic modeling to uncover latent 
biological programs that are influenced by genetic interven-
tions.58 The analytical frontier is now evolving from descrip-
tive analysis toward predictive and causal modeling. Tools 
such as Pando reconstruct gene regulatory networks by apply-
ing principles of causal inference.59 Meanwhile, deep learning 
frameworks like GEARS (Graph-Enhanced Gene Activation 
and Repression Simulator) and PerturbNet integrate biological 
context to forecast the phenotypic consequences of previously 
unobserved perturbations.60,61

5.  CHALLENGES AND FUTURE DIRECTIONS
Despite the remarkable strides made in single-cell CRISPR 

technologies, several technical and interpretational challenges 
persist. A fundamental limitation lies in the low sgRNA mul-
tiplicity per cell inherent to most current platforms, which 
constrains the capacity to interrogate combinatorial gene per-
turbations in a high-throughput manner.32,48 Additionally, 
off-target effects, occurring at both DNA and RNA levels, pose 
significant interpretational hurdles, particularly in the absence 
of stringent controls or orthogonal validation strategies.62,63 
Another critical constraint pertains to lineage tracing. Although 
CRISPR-based recording methodologies show promise, existing 
approaches often lack sufficient temporal resolution or compat-
ibility with concurrent transcriptomic profiling.

From a computational perspective, the inference of pertur-
bation effects from high-dimensional single-cell data remains 
fundamentally challenged by technical artifacts such as tran-
scriptional noise, dropout events, and batch effects.64–67 
Addressing these confounding factors is therefore indispens-
able for deriving biologically meaningful insights. To this end, a 
suite of advanced computational strategies, including Bayesian 
models such as scVI and integration algorithms like Seurat’s 
anchor-based correction,64,68 have been deployed to harmo-
nize heterogeneous datasets and generate robust, standardized 
representations. This foundational normalization process lays 
the groundwork for specialized downstream tools, such as 
SCEPTRE and scMAGeCK, to accurately dissect the biological 
ramifications of genetic perturbations.57,69

Standardization initiatives in single-cell CRISPR screening 
are of paramount importance to ensure reproducibility and 
cross-platform comparability. Recent benchmarking efforts, 

such as scPerturb, have systematically assessed key performance 
metrics including sgRNA detection sensitivity, perturbation 
effect estimation, and inter-platform variability.70 Collectively, 
these endeavors are forging a path toward more rigorous, 
reproducible, and universally applicable single-cell perturbation 
assays.

Protocols for single-cell CRISPR screening have been thor-
oughly and meticulously detailed in prior literature.71,72 Here, 
we do not reiterate step-by-step procedures, but instead offer 
a focused comparative overview of 5 widely adopted method-
ologies, including Perturb-seq,29,30 CROP-seq,32 ECCITE-seq,43 
Direct-seq,48 and Mosaic-seq.33

6.  sgRNA LIBRARY CONSTRUCTION

6.1. Perturb-seq

The construction of the Perturb-seq guide-barcode (GBC) 
library (pBA571, Addgene #85968) was based on the pBA439 
vector backbone (Addgene #85967).29,30 An 18-nucleotide ran-
dom barcode was seamlessly integrated via Gibson assembly 
between the Blue Fluorescent Protein (BFP) and the Bovine 
Growth Hormone (BGH) polyadenylation signal. Individual 
sgRNA protospacer sequences were precisely cloned into the 
barcoded vector at the BstXI and BlpI restriction sites.

6.2. CROP-seq

To construct the sgRNA expression library, the CROPseq-
Guide-Puro vector (Addgene #86708) was linearized through 
BsmBI digestion.32 sgRNAs were synthesized as 74-nt 
single-stranded oligonucleotides featuring 18 and 35 bp of 
homology to the hU6 promoter and sgRNA scaffold, respec-
tively, and were seamlessly assembled into the vector via 
Gibson assembly.

6.3. ECCITE-seq

The sgRNA expression library was constructed using the 
LentiCRISPR v2 plasmid (Addgene #52961), following pre-
viously established cloning strategies.73 Notably, ECCITE-seq 
does not require any modification of this standard vector.43 
Instead, sgRNA capture is achieved through a thoughtfully 
designed reverse transcription primer that hybridizes to the 
3′ end of the sgRNA scaffold. Amplification of the sgRNA 
library was carried out using the same strategy as described for 
CROP-seq.

6.4. Direct-seq

A 34-nucleotide sequence, composed of a 4-nt linker and an 
“8A8G” capture motif, was strategically inserted between the 
3′ end of the sgRNA scaffold and the polyT termination sig-
nal, and subsequently cloned into the lentiGuide-puro backbone 
(Addgene #52963) via Golden Gate assembly.48 Plasmid amplifi-
cation and library quality control were carried out following the 
same procedures as described for CROP-seq.

6.5. Mosaic-seq

The sgRNA expression library was constructed using the 
lenti-sgRNA(MS2)-puro plasmid (Addgene #73795), which 
was linearized by BsrGI and EcoRI digestion.33 A 12-bp bar-
code sequence, flanked by homologous arms containing the 
restriction sites, was precisely inserted between the 3′ LTR  and 
the woodchuck hepatitis virus post-transcriptional regulatory 
element (WPRE) of the linearized vector via Gibson assembly. 
The sgRNA insertion strategy followed a previously established 
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protocol.73 In the study by Xie and Hon,74 this technique was 
further refined by integrating the CROP-seq design for sgRNA 
expression, enabling direct detection of sgRNAs.

7.  sgRNA ASSIGNMENT

7.1. Perturb-seq

The original protocol introduced a normalization strat-
egy for GBC counts within each cell, effectively filtering 
out low-abundance sgRNA contaminants.29 More advanced 
frameworks have since refined this process by incorporating 
precise quantitative thresholds.75 A widely adopted strategy 
now excludes GBC signals that meet any of the following 
criteria: (i) low sequencing coverage (READ_counts/unique 
molecular identifier [UMI]_counts <60), (ii) supported by 
only a single UMI, or (iii) representing <10% of the total 
GBC-UMI counts within the nucleus. Cells harboring multi-
ple high-confidence GBCs are classified as co-transductions of 
multiple sgRNAs.

7.2. CROP-seq

sgRNA identities are assigned to individual cells by referenc-
ing a curated whitelist of designed sgRNAs.76 Initially, reads are 
matched exactly to the whitelist sequences. In cases where no 
exact match is found, local alignments are performed using the 
Smith–Waterman algorithm. If a candidate sgRNA sequence 
falls within an edit distance no greater than half the minimum 
pairwise edit distance among all sgRNAs (rounded down), the 
assignment is retained. To mitigate chimeric artifacts, UMI–
sgRNA pairs contributing <20% of the UMI reads within a 
given cell are excluded. A sgRNA is confidently assigned to a 
cell if it is supported by more than 10 reads and constitutes over 
7.5% of the total sgRNA reads for that cell.

7.3. ECCITE-seq

The original ECCITE-seq protocol did not elaborate on the 
sgRNA assignment methodology.43 However, due to the similar-
ity in sgRNA capture strategies, the CROP-seq protocol serves 
as a reliable reference for implementation.

7.4. Direct-seq

In the study by Song et al,48 the sgRNA assignment procedure 
was not explicitly detailed. As with ECCITE-seq, the CROP-seq 
framework can be effectively adapted for use in this context.

7.5. Mosaic-seq

SgRNA assignment in Mosaic-seq is executed through a 
probabilistic model designed to infer the most probable num-
ber of true sgRNA barcodes present in each cell.33 For any 
given cell, all detected barcodes are ranked by read count in 
descending order. The likelihood of each possible barcode 
count (j) is then evaluated under 2 competing models: a null 
model assuming uniform sampling probability across all bar-
codes, and an alternative model positing exactly j true bar-
codes, with the remainder classified as background noise. 
Under the alternative model, probabilities are calculated using 
multinomial distributions for the top j barcodes, incorporating 
an empirical decay factor that diminishes successive barcode 
probabilities. Additionally, contamination rate corrections are 
integrated into the model. The final number of assigned bar-
codes is determined as the value of j that yields the highest 
likelihood, provided it is at least twice as probable as the null 
model.
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