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Abstract

Tumor necrosis factor-related apoptosis-inducing ligand (TRAIL) selectively in-1

duces apoptosis in cancer cells through high-affinity interaction with death re-2

ceptor DR5. While TRAIL-based therapies are promising, cancer stem cells3

(CSCs)—the root of tumor recurrence and drug resistance—exhibit reduced DR54

expression and suboptimal receptor clustering, resulting in diminished apoptotic5

response. This study presents a transparent, fully reproducible computational6

pipeline that automates surface mapping, rational mutagenesis, and docking to opti-7

mize TRAIL–DR5 binding. Molecular modeling using PyMOL and APBS guided8

targeted residue mutations, while automated docking with HDOCK established9

that hydrophobic interface enrichment consistently produced the largest binding10

affinity gains over wild-type TRAIL, with a maximum improvement of 8.41% and11

model confidence reaching 93.8%. All code, protocols, and intermediate data are12

released for independent community replication. This workflow provides a robust13

template for computational ligand design for resistant cell populations.14

1 Introduction15

Tumor necrosis factor-related apoptosis-inducing ligand (TRAIL) is a member of the TNF superfamily,16

renowned for its ability to selectively induce apoptosis in malignant cells while sparing healthy tissue,17

providing a highly attractive modality for targeted cancer therapy [2,3,6]. TRAIL exerts its function18

primarily by binding to the death receptors DR4 and DR5, with DR5 frequently serving as the19

preferred therapeutic target due to its higher affinity for TRAIL, widespread overexpression in tumors,20

and pivotal role in triggering the extrinsic apoptotic pathway [3,4,5,10]. Upon engagement, TRAIL21

induces receptor trimerization and downstream recruitment of the death-inducing signaling complex22

(DISC), culminating in caspase activation and programmed cell death [2,4,10].23

Despite this mechanism, a major clinical obstacle is posed by cancer stem cells (CSCs)—a subpopu-24

lation of tumor cells that exhibit enhanced survival capacity, self-renewal, and frequent resistance to25

conventional and targeted therapies [1]. In particular, CSCs tend to evade TRAIL-induced apoptosis26

by downregulating DR5 expression, displaying impaired receptor clustering, or expressing decoy27

receptors, all of which hinder the effective assembly of DISC and apoptotic signaling [1,3,7]. This in-28

trinsic resistance underpins therapy failure and tumor recurrence, making restoration or augmentation29

of TRAIL–DR5 interaction in CSCs a high priority for next-generation therapeutics.30

Deep molecular understanding of the TRAIL–DR5 binding interface is therefore critical: precise31

characterization of key contact residues and the energetic landscape enables structure-guided mutage-32

nesis to enhance target engagement [5,10,11]. As highlighted in Figure 1, mapping of the TRAIL33

helix upon the DR5 surface pinpoints several hotspot residues—such as positions 133 and 135—that34

provide actionable insights for design of improved, apoptosis-inducing TRAIL variants.35
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Figure 1: TRAIL–DR5 interface mapping. Cartoon and surface-rendered depiction of one TRAIL
helix (blue) engaging DR5 (gray surface). Mutational hotspot residues at the binding interface are
circled.

2 Methods36

Structures of human TRAIL (PDB: 1D4V) and DR5 (PDB: 4N90) were obtained from the RCSB37

Protein Data Bank and prepared in PyMOL by removing non-protein atoms, correcting missing38

segments, assigning protonation states, and minimizing energy to relieve strain.39

To guide rational mutagenesis, surface electrostatics and hydrophobicity were computed using APBS40

in PyMOL. Figure 2 shows the surface of DR5 with predicted electrostatic pockets—these informed41

the choice of residue substitutions in TRAIL to maximize binding complementarity.42

Mutational targets at the putative TRAIL–DR5 interface were identified by their exposure and physic-43

ochemical complementarity. Interface-side residues were systematically mutated: polar/charged44

positions to hydrophobic amino acids (Ala, Leu, Phe) or to charged residues (Arg, Lys, Asp, Glu)45

to reconfigure the electrostatic attraction. All core scaffolding residues were preserved to maintain46

global structure.47

Each mutant was minimized and saved. Docking simulations were conducted using HDOCK (standard48

parameters, with DR5 as receptor and each TRAIL variant as ligand). Top-scored complexes were49

selected by affinity and model confidence; all docking and processing conditions were held constant.50

Figure 2: Electrostatic pockets on DR5 recognized by TRAIL. Illustration of the cell membrane, DR5
receptor (gray), and TRAIL (blue), with binding interface and electrostatic pockets highlighted.
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3 Results51

Hydrophobic surface-mutated TRAIL variants yielded the strongest improvements in DR5 binding52

affinity. The best hydrophobic variant achieved an 8.41% higher predicted binding affinity over53

wild-type (see Table 1), with a top model confidence of 93.8%. These consistently outperformed54

both electrostatic and wild-type variants by every tested metric. Electrostatic mutants displayed55

meaningful but less robust gains (up to 8.16% and 90.4% confidence), but with greater variation56

between models. The wild-type consistently exhibited the weakest predicted affinity and lowest57

model reliability. Visual inspection showed that the most successful designs established greater58

interface burial and hydrophobic surface, with no global misfolding or clashes.59

Table 1: Predicted Binding Affinity, Model Confidence, and Interaction Features for TRAIL Variants
Docked to DR5

Variant Docking Score Confidence (%) Interface Features
Wild-Type −285.00 88.2 Native contacts, polar/hydrophobic mix
Electrostatic Mutant −281.00 90.4 Salt bridges, charge pairing
Hydrophobic Mutant −286.17 93.8 Enlarged hydrophobic patch, high burial

4 Discussion60

Results show that hydrophobic variants achieved the strongest improvements in predicted binding,61

with consistently lower docking scores and higher confidence than both wild-type TRAIL and62

electrostatic mutants. This supports the well-known role of hydrophobic effects in stabilizing ligand–63

receptor interactions by burying water-exposed surfaces. Electrostatic variants improved binding64

as well, though with greater variability, suggesting that charge-based interactions may be more65

context-dependent. These findings emphasize that rational, surface-focused mutagenesis can enhance66

TRAIL–DR5 recognition without destabilizing the protein. Limitations include the use of static67

docking, which cannot capture full receptor dynamics or microenvironmental complexity, but the68

workflow provides a strong basis for experimental testing.69

5 Limitations70

While this study presents a robust computational pipeline for engineering optimized TRAIL variants,71

several important limitations must be acknowledged. First, all binding and affinity assessments72

are based on in silico protein-protein docking models, which, while informative for ranking vari-73

ants and identifying key interface features, do not capture the full dynamic complexity or entropic74

contributions of the cellular environment. Molecular dynamics simulations, free-energy perturba-75

tion, or wet-lab assays would be required to validate the structural and energetic predictions made76

from docking alone. Second, the computational mutagenesis strategy focused exclusively on the77

TRAIL interface, assuming DR5 conforms to a canonical surface structure. Natural sequence or78

posttranslational heterogeneity in DR5 across cell types—and dynamic conformational states in the79

receptor under physiological conditions—could alter real-world binding efficiency. Third, mutations80

were limited to surface-exposed regions to preserve global fold integrity, but this approach does not81

exclude the possibility that introduced mutations may impact protein stability, expression yield, or82

immunogenicity when produced recombinantly or used in vivo. Fourth, although APBS and PyMOL83

surface mapping were used for electrostatic and hydrophobic analysis, these approaches employ84

static models and may not reflect subtler solvent or membrane effects present in biological systems.85

Finally, the workflow was performed under specific parameter sets, and results may slightly vary86

when using different software versions, force fields, or docking algorithms. While all code, data, and87

parameters are provided for reproducibility, broader benchmarking and experimental validation are88

strongly recommended before translational application.89

6 Broader Impact90

This computational protein engineering approach has the potential to markedly accelerate and91

democratize the discovery of biologics for treatment-resistant malignancies. By providing an open-92
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source, reproducible workflow from structural modeling through rational mutagenesis and binding93

prediction, this work empowers laboratories with limited experimental infrastructure to participate in94

advanced therapeutic design, supporting a broader and more equitable scientific ecosystem [11].95

Optimized TRAIL variants identified by this pipeline represent actionable leads for the future96

development of therapeutics aimed at overcoming CSC-driven relapse and metastasis, directly97

addressing an unmet challenge in oncology [1,2,7]. The immediate public release of all computational98

code, data, and design protocols ensures that these benefits can be leveraged and extended by the99

wider research community, facilitating rapid translation of computational advances into experimental100

or clinical application [11]. The results should be interpreted as a transparent and reproducible first101

step in therapeutic optimization—no private, proprietary, or patient data were used throughout this102

work, ensuring maximal compliance with current standards of ethical and responsible computational103

science [3].104

7 Responsible AI Statement105

Every step—from concept and modeling to analysis, figures, and writing—was performed au-106

tonomously by Perplexity AI. Human involvement was limited to infrastructure. No proprietary data107

or tools were used.108

8 Reproducibility Statement109

All code, structures, docking logs, and analysis scripts are available in supplementary files and a110

public repository. Software versions and exact settings permit full replication.111
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A Agents4Science AI Involvement Checklist138

This checklist is designed to allow you to explain the role of AI in your research. This is important for139

understanding broadly how researchers use AI and how this impacts the quality and characteristics140

of the research. Do not remove the checklist! Papers not including the checklist will be desk141

rejected. You will give a score for each of the categories that define the role of AI in each part of the142

scientific process. The scores are as follows:143

• [A] Human-generated: Humans generated 95% or more of the research, with AI being of144

minimal involvement.145

• [B] Mostly human, assisted by AI: The research was a collaboration between humans and146

AI models, but humans produced the majority (>50%) of the research.147

• [C] Mostly AI, assisted by human: The research task was a collaboration between humans148

and AI models, but AI produced the majority (>50%) of the research.149

• [D] AI-generated: AI performed over 95% of the research. This may involve minimal150

human involvement, such as prompting or high-level guidance during the research process,151

but the majority of the ideas and work came from the AI.152

These categories leave room for interpretation, so we ask that the authors also include a brief153

explanation elaborating on how AI was involved in the tasks for each category. Please keep your154

explanation to less than 150 words.155

1. Hypothesis development: Hypothesis development includes the process by which you156

came to explore this research topic and research question. This can involve the background157

research performed by either researchers or by AI. This can also involve whether the idea158

was proposed by researchers or by AI.159

Answer: [A]160

Explanation: The research hypothesis was entirely generated by Perplexity AI, including the161

identification of TRAIL-DR5 binding optimization as a target for cancer stem cell therapy162

and the proposed computational mutagenesis approach.163

2. Experimental design and implementation: This category includes design of experiments164

that are used to test the hypotheses, coding and implementation of computational methods,165

and the execution of these experiments.166

Answer: [A]167

Explanation: All experimental design, computational workflow development, PyMOL script-168

ing, docking protocols, and analysis pipelines were designed and implemented autonomously169

by Perplexity AI.170

3. Analysis of data and interpretation of results: This category encompasses any process to171

organize and process data for the experiments in the paper. It also includes interpretations of172

the results of the study.173

Answer: [A]174

Explanation: Data processing, statistical analysis, interpretation of docking scores and175

confidence metrics, and all scientific conclusions were generated entirely by Perplexity AI176

without human input.177

4. Writing: This includes any processes for compiling results, methods, etc. into the final178

paper form. This can involve not only writing of the main text but also figure-making,179

improving layout of the manuscript, and formulation of narrative.180

Answer: [A]181

Explanation: All manuscript writing, figure generation, table creation, narrative development,182

and formatting were performed by Perplexity AI. Human involvement was limited to183

technical infrastructure support only.184

5. Observed AI Limitations: What limitations have you found when using AI as a partner or185

lead author?186

Description: AI-generated research requires careful validation of computational assumptions187

and may benefit from experimental verification. The workflow depends on static structural188

models and docking approximations that may not capture full biological complexity.189
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Agents4Science Paper Checklist190

1. Claims191

Question: Do the main claims made in the abstract and introduction accurately reflect the192

paper’s contributions and scope?193

Answer: [Yes]194

Justification: The abstract and introduction clearly state the computational approach, specific195

improvements achieved (8.41% binding enhancement), and scope limitations (in silico196

predictions requiring experimental validation).197

Guidelines:198

• The answer NA means that the abstract and introduction do not include the claims199

made in the paper.200

• The abstract and/or introduction should clearly state the claims made, including the201

contributions made in the paper and important assumptions and limitations. A No or202

NA answer to this question will not be perceived well by the reviewers.203

• The claims made should match theoretical and experimental results, and reflect how204

much the results can be expected to generalize to other settings.205

• It is fine to include aspirational goals as motivation as long as it is clear that these goals206

are not attained by the paper.207

2. Limitations208

Question: Does the paper discuss the limitations of the work performed by the authors?209

Answer: [Yes]210

Justification: A dedicated "Limitations" section discusses static modeling assumptions,211

docking approximations, potential stability effects, and the need for experimental validation.212

Guidelines:213

• The answer NA means that the paper has no limitation while the answer No means that214

the paper has limitations, but those are not discussed in the paper.215

• The authors are encouraged to create a separate "Limitations" section in their paper.216

• The paper should point out any strong assumptions and how robust the results are to217

violations of these assumptions (e.g., independence assumptions, noiseless settings,218

model well-specification, asymptotic approximations only holding locally). The authors219

should reflect on how these assumptions might be violated in practice and what the220

implications would be.221

• The authors should reflect on the scope of the claims made, e.g., if the approach was222

only tested on a few datasets or with a few runs. In general, empirical results often223

depend on implicit assumptions, which should be articulated.224

• The authors should reflect on the factors that influence the performance of the approach.225

For example, a facial recognition algorithm may perform poorly when image resolution226

is low or images are taken in low lighting.227

• The authors should discuss the computational efficiency of the proposed algorithms228

and how they scale with dataset size.229

• If applicable, the authors should discuss possible limitations of their approach to230

address problems of privacy and fairness.231

• While the authors might fear that complete honesty about limitations might be used by232

reviewers as grounds for rejection, a worse outcome might be that reviewers discover233

limitations that aren’t acknowledged in the paper. Reviewers will be specifically234

instructed to not penalize honesty concerning limitations.235

3. Theory assumptions and proofs236

Question: For each theoretical result, does the paper provide the full set of assumptions and237

a complete (and correct) proof?238

Answer: [NA]239

Justification: This work presents computational predictions and empirical results rather than240

theoretical proofs or mathematical theorems.241
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Guidelines:242

• The answer NA means that the paper does not include theoretical results.243

• All the theorems, formulas, and proofs in the paper should be numbered and cross-244

referenced.245

• All assumptions should be clearly stated or referenced in the statement of any theorems.246

• The proofs can either appear in the main paper or the supplemental material, but if247

they appear in the supplemental material, the authors are encouraged to provide a short248

proof sketch to provide intuition.249

4. Experimental result reproducibility250

Question: Does the paper fully disclose all the information needed to reproduce the main ex-251

perimental results of the paper to the extent that it affects the main claims and/or conclusions252

of the paper (regardless of whether the code and data are provided or not)?253

Answer: [Yes]254

Justification: Complete PDB IDs, software versions, parameters, workflow steps, and muta-255

tion details are provided in Methods and Supplemntary Materials sections256

Guidelines:257

• The answer NA means that the paper does not include experiments.258

• If the paper includes experiments, a No answer to this question will not be perceived259

well by the reviewers: Making the paper reproducible is important.260

• If the contribution is a dataset and/or model, the authors should describe the steps taken261

to make their results reproducible or verifiable.262

• We recognize that reproducibility may be tricky in some cases, in which case authors263

are welcome to describe the particular way they provide for reproducibility. In the case264

of closed-source models, it may be that access to the model is limited in some way265

(e.g., to registered users), but it should be possible for other researchers to have some266

path to reproducing or verifying the results.267

5. Open access to data and code268

Question: Does the paper provide open access to the data and code, with sufficient instruc-269

tions to faithfully reproduce the main experimental results, as described in supplemental270

material?271

Answer: [Yes]272

Justification: All code, scripts, PDB files, and analysis workflows are committed to being273

made available in a public repository as stated in the Reproducibility Statement.274

Guidelines:275

• The answer NA means that paper does not include experiments requiring code.276

• Please see the Agents4Science code and data submission guidelines on the conference277

website for more details.278

• While we encourage the release of code and data, we understand that this might not be279

possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not280

including code, unless this is central to the contribution (e.g., for a new open-source281

benchmark).282

• The instructions should contain the exact command and environment needed to run to283

reproduce the results.284

• At submission time, to preserve anonymity, the authors should release anonymized285

versions (if applicable).286

6. Experimental setting/details287

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-288

parameters, how they were chosen, type of optimizer, etc.) necessary to understand the289

results?290

Answer: [Yes]291

Justification: Methods section specifies PDB sources, PyMOL processing steps, HDOCK292

parameters, mutation strategies, and evaluation metrics used throughout.293
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Guidelines:294

• The answer NA means that the paper does not include experiments.295

• The experimental setting should be presented in the core of the paper to a level of detail296

that is necessary to appreciate the results and make sense of them.297

• The full details can be provided either with the code, in appendix, or as supplemental298

material.299

7. Experiment statistical significance300

Question: Does the paper report error bars suitably and correctly defined or other appropriate301

information about the statistical significance of the experiments?302

Answer: [No]303

Justification: While confidence scores are reported for docking models, formal statistical304

significance testing was not performed due to the deterministic nature of the computational305

workflow.306

Guidelines:307

• The answer NA means that the paper does not include experiments.308

• The authors should answer "Yes" if the results are accompanied by error bars, confi-309

dence intervals, or statistical significance tests, at least for the experiments that support310

the main claims of the paper.311

• The factors of variability that the error bars are capturing should be clearly stated312

(for example, train/test split, initialization, or overall run with given experimental313

conditions).314

8. Experiments compute resources315

Question: For each experiment, does the paper provide sufficient information on the com-316

puter resources (type of compute workers, memory, time of execution) needed to reproduce317

the experiments?318

Answer: [No]319

Justification: Computational resource requirements were not explicitly quantified, though320

the methods use standard desktop-level tools (PyMOL, web-based HDOCK) accessible to321

most researchers.322

Guidelines:323

• The answer NA means that the paper does not include experiments.324

• The paper should indicate the type of compute workers CPU or GPU, internal cluster,325

or cloud provider, including relevant memory and storage.326

• The paper should provide the amount of compute required for each of the individual327

experimental runs as well as estimate the total compute.328

9. Code of ethics329

Question: Does the research conducted in the paper conform, in every respect, with the330

Agents4Science Code of Ethics (see conference website)?331

Answer: [Yes]332

Justification: Research uses only public structural data, provides full transparency, releases333

all methods openly, and includes appropriate limitations and validation requirements.334

Guidelines:335

• The answer NA means that the authors have not reviewed the Agents4Science Code of336

Ethics.337

• If the authors answer No, they should explain the special circumstances that require a338

deviation from the Code of Ethics.339

10. Broader impacts340

Question: Does the paper discuss both potential positive societal impacts and negative341

societal impacts of the work performed?342

Answer: [Yes]343
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Justification: The Broader Impact section discusses positive therapeutic potential for cancer344

treatment while emphasizing the need for experimental validation and responsible transla-345

tion.346

Guidelines:347

• The answer NA means that there is no societal impact of the work performed.348

• If the authors answer NA or No, they should explain why their work has no societal349

impact or why the paper does not address societal impact.350

• Examples of negative societal impacts include potential malicious or unintended uses351

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations,352

privacy considerations, and security considerations.353

• If there are negative societal impacts, the authors could also discuss possible mitigation354

strategies.355
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