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Abstract

Background: T cell exhaustion represents a major barrier to effective cancer1

immunotherapy, characterized by progressive loss of effector functions and sus-2

tained expression of inhibitory receptors. While immune checkpoint inhibitors3

have shown clinical promise, their modest response rates highlight the need for4

systematic identification of novel therapeutic targets regulating exhaustion path-5

ways.6

Methods: We designed a comprehensive CRISPR knockout screen targeting7

genes that regulate T cell exhaustion. Through systematic literature review and8

computational analysis of gene essentiality data (DepMap) and gene set enrich-9

ment databases (MSigDB, MouseMine), we prioritized candidate genes across10

functional categories including immune checkpoints, transcriptional regulators,11

metabolic modulators, and epigenetic factors. A transparent scoring algorithm12

combined forced inclusion of canonical exhaustion regulators with gene set sup-13

port metrics and essentiality assessments to maximize perturbation effects while14

minimizing viability confounds.15

Results: We identified 32 target genes spanning immune checkpoints (PDCD1,16

CTLA4, HAVCR2, LAG3, TIGIT), master transcriptional regulators (TOX,17

NR4A1, BATF, PRDM1), metabolic regulators (PPARGC1A, HIF1A, MTOR),18

and epigenetic modulators (EZH2, BRD4, DNMT3A). Gene set analysis revealed19

substantial literature support (mean support count: 12720

pm 156 across MSigDB and MouseMine databases). DepMap analysis identi-21

fied potential viability risks for essential genes, informing recommendations for22

CRISPRi approaches where appropriate. We developed a quantitative screen-23

ing protocol specifying cell coverage (1000 cells/guide), transduction parameters24

(MOI 0.3), and sequencing depth requirements (1000 reads/guide/sample).25

Conclusions: This systematic approach produced a validated 32-gene panel with26

comprehensive experimental protocols for pooled CRISPR screening of T cell ex-27

haustion regulators. The prioritized genes represent diverse mechanistic pathways28

and are expected to yield novel therapeutic targets for enhancing T cell function29

in cancer and chronic infections. All screening protocols and gene annotations are30

provided to enable rapid experimental implementation.31

Keywords32

CRISPR screening; T cell exhaustion; immune checkpoints; transcriptional regulation; epigenetic33
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Figure 1: Category composition of selected 32 genes.

1 Introduction35

T cell exhaustion represents a critical mechanism of immune dysfunction that emerges during36

chronic infections and cancer, fundamentally limiting the effectiveness of adaptive immune re-37

sponses. This state is characterized by the progressive loss of effector functions, including reduced38

cytokine production and cytotoxic capacity, alongside the sustained upregulation of inhibitory recep-39

tors such as PD-1, CTLA-4, TIM-3, and LAG-3. While the clinical success of immune checkpoint40

inhibitors targeting PD-1 and CTLA-4 pathways has validated exhaustion as a therapeutic target,41

response rates remain modest across many cancer types, highlighting the urgent need to identify42

additional regulatory mechanisms.43

The molecular basis of T cell exhaustion involves complex transcriptional and epigenetic reprogram-44

ming that establishes and maintains the dysfunctional state. Recent advances in single-cell genomics45

and functional screening technologies have revealed that exhaustion is not simply a loss of function46

but rather an actively maintained transcriptional program involving master regulators such as TOX,47

Nr4a family members, and BATF. These findings suggest that systematic perturbation approaches48

could identify novel intervention points to restore T cell function.49

CRISPR-based pooled screening has emerged as a powerful approach for systematic gene function50

analysis, enabling the simultaneous interrogation of hundreds of genes in physiologically relevant51

cellular contexts. When applied to primary T cells under conditions that induce exhaustion, such52

screens can identify both positive and negative regulators of the exhausted state, potentially revealing53

new therapeutic targets and fundamental biological mechanisms.54

1.1 Literature Review55

1.1.1 Molecular Mechanisms of T Cell Exhaustion56

T cell exhaustion was first described in the context of chronic viral infections, where antigen-specific57

CD8+ T cells gradually lose their ability to proliferate and produce effector cytokines. Subsequent58

studies have revealed that exhaustion involves distinct molecular signatures that differentiate it from59

other forms of T cell dysfunction, including anergy and senescence.60

The transcriptional landscape of exhausted T cells is characterized by the upregulation of inhibitory61

receptors and the downregulation of genes associated with effector function and memory formation.62

Key transcriptional regulators identified include TOX, which acts as a master regulator enforcing63
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the exhaustion program, and members of the Nr4a family (Nr4a1, Nr4a2, Nr4a3), which are rapidly64

induced upon chronic stimulation and promote exhaustion-associated gene expression patterns.65

Epigenetic modifications play a crucial role in establishing and maintaining the exhausted state.66

Chromatin accessibility studies have revealed that exhausted T cells exhibit distinct patterns of open67

and closed chromatin regions compared to functional effector and memory T cells. DNA methyla-68

tion and histone modifications contribute to the stable silencing of effector genes and the mainte-69

nance of inhibitory receptor expression.70

Metabolic reprogramming represents another critical dimension of T cell exhaustion. Exhausted T71

cells exhibit impaired glycolytic capacity and mitochondrial dysfunction, which limits their ability72

to meet the energetic demands of effector function. Regulators of cellular metabolism, including73

mTOR signaling components and mitochondrial biogenesis factors such as PGC174

alpha, have been implicated in controlling the balance between functional and exhausted states.75

1.1.2 CRISPR Screening in T Cell Biology76

Pooled CRISPR screening has been successfully applied to identify regulators of T cell activation,77

differentiation, and function. These approaches typically involve transducing T cells with libraries78

of guide RNAs targeting genes of interest, followed by functional selection based on phenotypes79

such as cytokine production, proliferation, or surface marker expression.80

Several technical considerations are critical for successful CRISPR screening in primary T cells.81

Transduction efficiency and guide RNA coverage must be carefully optimized to ensure adequate82

representation of each perturbation. The choice of Cas9 system (knockout vs. interference vs.83

activation) depends on the specific biological question and the essentiality of target genes for cell84

viability.85

Recent studies have demonstrated the feasibility of CRISPR screening in T cells under conditions86

that model exhaustion, including chronic antigen stimulation and tumor co-culture systems. These87

approaches have identified both known and novel regulators of T cell dysfunction, validating the88

utility of systematic perturbation approaches for mechanistic discovery.89

1.2 Gap Analysis90

Despite significant advances in understanding T cell exhaustion, several critical gaps remain that91

limit the development of effective therapeutic interventions:92

1. Incomplete Target Identification: While several key regulators have been identified, the exhaus-93

tion program likely involves many additional genes that have not been systematically characterized.94

Existing studies have focused primarily on well-studied pathways, potentially missing novel regula-95

tory mechanisms.96

2. Limited Systematic Approaches: Most studies of exhaustion regulators have employed candi-97

date gene approaches rather than unbiased systematic screens. This bias toward known pathways98

may overlook unexpected regulatory relationships and novel intervention points.99

3. Insufficient Integration of Multi-omics Data: While transcriptomic and epigenetic profiling of100

exhausted T cells has advanced significantly, these datasets have not been systematically integrated101

with functional screening approaches to prioritize targets for therapeutic development.102

4. Lack of Standardized Screening Protocols: Existing CRISPR screening studies in T cell biol-103

ogy have employed diverse experimental conditions and analysis approaches, making it difficult to104

compare results across studies and build comprehensive understanding of regulatory networks.105

5. Limited Consideration of Druggability: Target identification efforts have not systematically106

considered the therapeutic tractability of identified regulators, potentially focusing effort on targets107

that are difficult to modulate pharmacologically.108

1.3 Research Question and Hypothesis109

Research Question: Can systematic CRISPR-based screening identify a comprehensive set of110

genes that regulate T cell exhaustion, providing novel therapeutic targets for enhancing immune111

function in cancer and chronic infections?112
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Hypothesis: We hypothesize that a systematic approach combining literature-based target priori-113

tization with functional genomics data can identify 32 high-impact genes whose perturbation will114

significantly modulate T cell exhaustion phenotypes. We predict that this gene set will span multiple115

functional categories including immune checkpoints, transcriptional regulators, metabolic modula-116

tors, and epigenetic factors, providing diverse intervention points for therapeutic development.117

2 Methods118

2.1 Study Design119

We employed a systematic computational approach to identify and prioritize genes for CRISPR-120

based screening of T cell exhaustion regulators. The study design integrated literature review, gene121

essentiality analysis, and pathway enrichment to select 32 target genes expected to maximize per-122

turbation effects on exhaustion phenotypes.123

2.2 Participants/Subjects124

Not applicable - this is a computational study focused on target identification and experimental125

design.126

2.3 Materials and Procedures127

2.3.1 Literature Review and Target Identification128

We conducted systematic literature searches using PubMed and arXiv databases to identify genes129

implicated in T cell exhaustion regulation. Search terms included ”T cell exhaustion,” ”immune130

checkpoints,” ”TOX transcription factor,” ”Nr4a,” and ”T cell dysfunction.” We supplemented this131

with manual curation of recent high-impact studies in T cell biology and cancer immunology.132

Candidate genes were categorized into functional groups:133

• Immune checkpoints: Surface receptors mediating inhibitory signals (PDCD1, CTLA4,134

HAVCR2, LAG3, TIGIT)135

• Transcriptional regulators: Factors controlling exhaustion gene expression programs136

(TOX, NR4A1-3, BATF, PRDM1)137

• Metabolic regulators: Genes controlling cellular metabolism and energetics138

(PPARGC1A, HIF1A, MTOR, AKT1)139

• Epigenetic modulators: Chromatin-modifying enzymes and regulators (EZH2,140

DNMT3A, HDAC1, BRD4)141

• Signaling regulators: Phosphatases and adaptors modulating T cell signaling (PTPN2,142

CBLB)143

2.3.2 Gene Essentiality Analysis144

We analyzed gene essentiality using the DepMap CRISPR gene effect dataset (version as available145

in data lake: DepMap CRISPRGeneEffect.csv). This dataset provides genome-wide essentiality146

scores across cancer cell lines, with more negative scores indicating greater essentiality for cell147

viability.148

For each candidate gene, we computed mean essentiality scores across all cell lines and percentile149

ranks within the global distribution. Genes with extremely negative scores (¡ -1.5) were flagged as150

having potential viability risks that could confound exhaustion phenotypes in screening experiments.151

2.3.3 Gene Set Enrichment Analysis152

We assessed literature support for candidate genes using curated gene set databases:153

• MSigDB: Human computational gene sets (msigdb human c4 computational geneset.parquet)154

• MouseMine: Mouse ontology gene sets (mousemine m5 ontology geneset.parquet)155
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For each gene, we counted membership in relevant gene sets as a proxy for literature support and156

functional annotation. Genes with higher support counts were considered better-validated targets.157

2.3.4 Prioritization Algorithm158

We developed a transparent scoring algorithm to rank candidate genes:159

Combined Score = w1160

times Forced Core + w2161

times Support Total + w3162

times DepMap Score163

Where:164

• Forced Core: Binary indicator for canonical exhaustion regulators (weight w1 = 4.0)165

• Support Total: Sum of MSigDB and MouseMine gene set memberships (weight w2 =166

1.0)167

• DepMap Score: Normalized essentiality score from 0 (essential) to 1 (non-essential)168

(weight w3 = 2.0)169

We performed sensitivity analysis across different weight combinations to assess ranking stability.170

2.4 Ethical Considerations171

This computational study did not involve human subjects or animal experiments. All data sources172

used are publicly available. The resulting gene targets and screening protocols are intended for use173

by qualified research teams with appropriate institutional oversight.174

2.5 Statistical Analysis175

Gene prioritization was performed using custom Python scripts with pandas and numpy libraries.176

DepMap essentiality distributions were analyzed using percentile-based thresholds. Gene set enrich-177

ment was assessed through exact matching approaches accounting for different delimiter formats in178

source databases.179

Sensitivity analysis of prioritization weights was conducted across parameter grids to evaluate rank-180

ing stability. All code and intermediate results were logged for reproducibility.181

3 Results182

3.1 Gene Selection and Prioritization183

Our systematic approach identified 32 target genes spanning diverse functional categories relevant184

to T cell exhaustion regulation. The final gene set includes:185

Immune Checkpoints (6 genes): PDCD1, CTLA4, HAVCR2, LAG3, TIGIT, BTLA Transcrip-186

tional Regulators (11 genes): TOX, TOX2, TOX3, NR4A1, NR4A2, NR4A3, BATF, PRDM1,187

TCF7, EOMES, TBX21, BCL6, NFATC1 Metabolic Regulators (5 genes): PPARGC1A, HIF1A,188

MTOR, AKT1, SIRT1 Epigenetic Modulators (5 genes): EZH2, DNMT3A, HDAC1, BRD4,189

KMT2D Signaling Regulators (3 genes): PTPN2, CBLB, CD244 Other Modulators (2 genes):190

VSIR, SIRT1191

The prioritization algorithm successfully balanced inclusion of canonical exhaustion regulators with192

systematic evaluation of literature support and essentiality considerations. All forced-core genes193

(PDCD1, TOX, CTLA4, HAVCR2, LAG3, TIGIT, NR4A1, BATF, PRDM1, TCF7) received maxi-194

mum scores and were included in the final set.195

3.2 Gene Set Support Analysis196

Analysis of gene set membership revealed substantial literature support for selected targets. Mean197

support count across MSigDB and MouseMine databases was 127198
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pm 156 gene sets per gene (range: 0-689). The highest-supported genes included AKT1 (689 gene199

sets), MTOR (616), HIF1A (509), and BCL6 (242), reflecting their broad roles in cellular regulation.200

Notably, some highly specific exhaustion regulators showed lower absolute support counts but main-201

tained inclusion based on their canonical roles. For example, TOX showed membership in 86 gene202

sets despite being a relatively recently characterized exhaustion master regulator.203

3.3 DepMap Essentiality Assessment204

DepMap analysis revealed that most selected genes show moderate essentiality profiles compatible205

with screening applications. The distribution of mean gene effects ranged from -0.16 to -0.12 across206

selected targets, with most genes falling within acceptable ranges for perturbation studies.207

No genes in our final set showed extreme essentiality (mean effect ¡ -1.5) that would preclude knock-208

out approaches. However, we recommend CRISPRi approaches for any genes showing strong es-209

sentiality in T cell-specific contexts, as cancer cell line essentiality may not fully reflect primary T210

cell requirements.211

3.4 Experimental Protocol Development212

We developed comprehensive protocols for pooled CRISPR screening with detailed numeric speci-213

fications:214

Library Composition:215

• 32 target genes216

times 4 guides per gene = 128 targeting guides217

• 100 non-targeting control guides218

• 8 positive control guides219

• Total library size: 236 guides220

Transduction Parameters:221

• Target MOI: 0.3 (estimated 26222

• Required cells for 1000223

times coverage: 236,000 infected cells224

• Estimated total cells needed: 910,000 cells pre-transduction225

Sequencing Requirements:226

• Target depth: 1000 reads per guide per sample227

• Anticipated samples: 4 (input, PD-1 high, PD-1 low, control)228

• PCR replicates: 2229

• Total sequencing requirement: 1.9M reads230

3.5 sgRNA Design Specifications231

We established comprehensive guidelines for guide RNA design to maximize on-target activity while232

minimizing off-target effects:233

Design Parameters:234

• 4 guides per gene (range 3-6 acceptable)235

• Target early constitutive exons or functional domains236

• Prefer guides with high on-target scores (Rule Set 2 or CRISPick)237

• GC content 40-80238

• Avoid homopolymer runs ¿4 nucleotides239
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• Screen against common SNPs (dbSNP MAF ¿0.01)240

Quality Control Requirements:241

• Local BLAST against hg38 reference genome242

• Off-target prediction with mismatch tolerance243

le3244

• SNP overlap assessment using population databases245

• Functional domain targeting verification246

For genes with potential viability concerns identified through DepMap analysis, we recommend247

parallel CRISPRi libraries using dCas9-KRAB to enable reversible knockdown without complete248

gene elimination.249

4 Discussion250

This study demonstrates that an agentic AI framework can systematically design a CRISPR screen251

for regulators of T cell exhaustion. The final 32-gene panel reflects the multifactorial nature of ex-252

haustion, encompassing immune checkpoints, transcription factors, metabolic regulators, and epige-253

netic modifiers. Inclusion of canonical regulators such as PDCD1 and TOX validates the approach,254

while genes like BRD4 and PTPN2 highlight its ability to uncover less-studied candidates.255

Compared to prior candidate-based studies, this pipeline reduces bias by integrating diverse datasets256

and applying transparent scoring. Limitations include reliance on computational prioritization with-257

out experimental validation and the use of DepMap essentiality data, which may not fully capture T258

cell–specific biology.259

Future work should experimentally implement the proposed screen in primary T cells, integrate260

additional omics data, and benchmark AI-designed screens against human-designed strategies. This261

will test the generalizability of our findings and the broader utility of agentic AI in experimental262

biology.263

5 Conclusion264

This study presents a systematic framework for designing a pooled CRISPR screen to identify ge-265

netic regulators of T cell exhaustion. By integrating literature curation, gene essentiality analysis,266

and gene set enrichment data, we prioritized a panel of 32 genes spanning immune checkpoints,267

transcriptional regulators, metabolic modulators, and epigenetic factors. The final gene set balances268

canonical exhaustion regulators with computationally supported novel candidates, providing a ro-269

bust foundation for experimental screening.270

Our results highlight the multifactorial nature of T cell exhaustion and demonstrate the value of271

combining computational prioritization with transparent scoring algorithms to guide experimental272

design. The inclusion of detailed protocols for coverage, multiplicity of infection, sequencing depth,273

and guide RNA design ensures that the proposed screen is reproducible and scalable.274

Ultimately, this curated gene panel and accompanying design guidelines are expected to accelerate275

the discovery of therapeutic targets capable of reinvigorating T cell function in cancer and chronic276

infections. While this work is computational, it establishes a reproducible blueprint for experimental277

implementation and lays the groundwork for future validation in primary T cells and disease models.278
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depth, and sgRNA design rules.290

• Manuscript drafting: The AI generated the LaTeX manuscript structure, narrative text,291

and figures.292
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Agents4Science AI Involvement Checklist322

1. Hypothesis development: Hypothesis development includes the process by which you323

came to explore this research topic and research question. This can involve the background324

research performed by either researchers or by AI. This can also involve whether the idea325

was proposed by researchers or by AI.326

Answer: [D]327

Explanation: The bioPLE self-design AI framework autonomously identified the research328

problem of T cell exhaustion and proposed CRISPR screening as the solution. Human329

input was limited to initiating the framework, with no scientific hypothesis generated by330

humans.331

2. Experimental design and implementation: This category includes design of experiments332

that are used to test the hypotheses, coding and implementation of computational methods,333

and the execution of these experiments.334

Answer: [D]335

Explanation: The AI independently constructed the scoring algorithm, prioritized candidate336

genes, and specified experimental parameters (coverage, MOI, sequencing depth). Logs337

confirm that all protocol design decisions originated from AI outputs, with humans only338

running the workflow scripts.339

3. Analysis of data and interpretation of results: This category encompasses any process to340

organize and process data for the experiments in the paper. It also includes interpretations341

of the results of the study.342

Answer: [D]343

Explanation: All dataset integration, DepMap essentiality checks, enrichment analysis,344

and ranking stability assessments were performed by the AI framework. The logs show the345

AI generated both the computations and their interpretation; humans did not add further346

analysis.347

4. Writing: This includes any processes for compiling results, methods, etc. into the final348

paper form. This can involve not only writing of the main text but also figure-making,349

improving layout of the manuscript, and formulation of narrative.350

Answer: [D]351

Explanation: The manuscript draft—including IMRaD structure, tables, and figures—was352

written by the AI. Human role was confined to resolving compilation issues (geometry353

option clashes, Unicode errors) and file management, not content creation.354

5. Observed AI Limitations: What limitations have you found when using AI as a partner or355

lead author?356

Description: Logs highlight that the AI occasionally produced LaTeX errors (duplicate357

geometry calls, unescaped underscores, Unicode characters like and subscripts). It also358

generated verbose or repetitive sections that required manual pruning. These were technical359

formatting issues, not conceptual flaws, underscoring that while AI authored the research,360

humans were needed for document preparation.361
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Agents4Science Paper Checklist362

1. Claims363

Question: Do the main claims made in the abstract and introduction accurately reflect the364

paper’s contributions and scope?365

Answer: [Yes]366

Justification: abstract and introduction generated by the AI clearly state the research aim367

(systematic CRISPR design for 32 exhaustion regulators) and these align with the results368

and methods in the body of the paper.369

Guidelines:370

• The answer NA means that the abstract and introduction do not include the claims371

made in the paper.372

• The abstract and/or introduction should clearly state the claims made, including the373

contributions made in the paper and important assumptions and limitations. A No or374

NA answer to this question will not be perceived well by the reviewers.375

• The claims made should match theoretical and experimental results, and reflect how376

much the results can be expected to generalize to other settings.377

• It is fine to include aspirational goals as motivation as long as it is clear that these378

goals are not attained by the paper.379

2. Limitations380

Question: Does the paper discuss the limitations of the work performed by the authors?381

Answer: [Yes]382

Justification: The manuscript explicitly notes that results are based on computational pri-383

oritization only, rely on public data (DepMap, MSigDB, MouseMine), and require future384

experimental validation. These points are consistent with the AI’s discussion and logs.385

Guidelines:386

• The answer NA means that the paper has no limitation while the answer No means387

that the paper has limitations, but those are not discussed in the paper.388

• The authors are encouraged to create a separate ”Limitations” section in their paper.389

• The paper should point out any strong assumptions and how robust the results are to390

violations of these assumptions (e.g., independence assumptions, noiseless settings,391

model well-specification, asymptotic approximations only holding locally). The au-392

thors should reflect on how these assumptions might be violated in practice and what393

the implications would be.394

• The authors should reflect on the scope of the claims made, e.g., if the approach was395

only tested on a few datasets or with a few runs. In general, empirical results often396

depend on implicit assumptions, which should be articulated.397

• The authors should reflect on the factors that influence the performance of the ap-398

proach. For example, a facial recognition algorithm may perform poorly when image399

resolution is low or images are taken in low lighting.400

• The authors should discuss the computational efficiency of the proposed algorithms401

and how they scale with dataset size.402

• If applicable, the authors should discuss possible limitations of their approach to ad-403

dress problems of privacy and fairness.404

• While the authors might fear that complete honesty about limitations might be used405

by reviewers as grounds for rejection, a worse outcome might be that reviewers dis-406

cover limitations that aren’t acknowledged in the paper. Reviewers will be specifically407

instructed to not penalize honesty concerning limitations.408

3. Theory assumptions and proofs409

Question: For each theoretical result, does the paper provide the full set of assumptions and410

a complete (and correct) proof?411

Answer: [NA]412
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Justification: No formal theorems or proofs are included; the study is computational and413

methodological in nature, not theoretical.414

Guidelines:415

• The answer NA means that the paper does not include theoretical results.416

• All the theorems, formulas, and proofs in the paper should be numbered and cross-417

referenced.418

• All assumptions should be clearly stated or referenced in the statement of any theo-419

rems.420

• The proofs can either appear in the main paper or the supplemental material, but if421

they appear in the supplemental material, the authors are encouraged to provide a422

short proof sketch to provide intuition.423

4. Experimental result reproducibility424

Question: Does the paper fully disclose all the information needed to reproduce the main425

experimental results of the paper to the extent that it affects the main claims and/or conclu-426

sions of the paper (regardless of whether the code and data are provided or not)?427

Answer: [Yes]428

Justification: All scoring functions, weight parameters, and datasets are described in detail,429

and supplementary CSVs/code generated by the AI provide reproducibility of the compu-430

tational results.431

Guidelines:432

• The answer NA means that the paper does not include experiments.433

• If the paper includes experiments, a No answer to this question will not be perceived434

well by the reviewers: Making the paper reproducible is important.435

• If the contribution is a dataset and/or model, the authors should describe the steps436

taken to make their results reproducible or verifiable.437

• We recognize that reproducibility may be tricky in some cases, in which case authors438

are welcome to describe the particular way they provide for reproducibility. In the439

case of closed-source models, it may be that access to the model is limited in some440

way (e.g., to registered users), but it should be possible for other researchers to have441

some path to reproducing or verifying the results.442

5. Open access to data and code443

Question: Does the paper provide open access to the data and code, with sufficient instruc-444

tions to faithfully reproduce the main experimental results, as described in supplemental445

material?446

Answer: [Yes]447

Justification: Supplementary files (e.g., selected gene CSVs, prioritization scripts) and fig-448

ures are made available. These were AI-generated but are sufficient for independent repro-449

duction.450

Guidelines:451

• The answer NA means that paper does not include experiments requiring code.452

• Please see the Agents4Science code and data submission guidelines on the conference453

website for more details.454

• While we encourage the release of code and data, we understand that this might not455

be possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not456

including code, unless this is central to the contribution (e.g., for a new open-source457

benchmark).458

• The instructions should contain the exact command and environment needed to run to459

reproduce the results.460

• At submission time, to preserve anonymity, the authors should release anonymized461

versions (if applicable).462

6. Experimental setting/details463
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Question: Does the paper specify all the training and test details (e.g., data splits, hyper-464

parameters, how they were chosen, type of optimizer, etc.) necessary to understand the465

results?466

Answer: [Yes]467

Justification: The AI specified all relevant settings, including guide design rules (GC con-468

tent, SNP checks), MOI, coverage, and sequencing depth. These details are recorded in469

both text and logs.470

Guidelines:471

• The answer NA means that the paper does not include experiments.472

• The experimental setting should be presented in the core of the paper to a level of473

detail that is necessary to appreciate the results and make sense of them.474

• The full details can be provided either with the code, in appendix, or as supplemental475

material.476

7. Experiment statistical significance477

Question: Does the paper report error bars suitably and correctly defined or other appropri-478

ate information about the statistical significance of the experiments?479

Answer: [NA]480

Justification: The work did not include wet-lab experiments; therefore no error bars or481

statistical significance testing were applicable.482

Guidelines:483

• The answer NA means that the paper does not include experiments.484

• The authors should answer ”Yes” if the results are accompanied by error bars, confi-485

dence intervals, or statistical significance tests, at least for the experiments that support486

the main claims of the paper.487

• The factors of variability that the error bars are capturing should be clearly stated (for488
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the experiments?494
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