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Abstract

Clinical trials remain the cornerstone of evidence-based medicine. Yet their prevail-1

ing methods often reduce patients to statistical data points, overlooking cognition-2

driven factors such as consent comprehension, assessment fatigue, and telescoping3

in adverse-event (AE) reporting. We propose a new approach that integrates cogni-4

tive science and large language models (LLMs) to model patient comprehension,5

recall, preferences, and incentives. Building on behavioral foundation models as6

starting priors, we introduce a cognitive ML model for clinical research: a thin,7

patient-first layer that adapts foundation models to trial workflows via clinical cover8

stories such as consent with brief teach-backs, AE narratives with temporal an-9

chors, preference trade-offs under framing, and bias-aware disclosure prompts. The10

layer overlays existing PDFs, ePRO apps, and AE logs, adding guardrails such11

as calibration thresholds, clinician deferral, and auditability, rather than replacing12

infrastructure. We outline a roadmap from lightweight cognitive overlays to human-13

in-the-loop integration, and ultimately, cognitive-integrated trials with governance14

and regulatory alignment. An abridged AE-reporting case study shows increased15

AE yield and improved timing fidelity while enforcing calibration and subgroup-16

parity gates. The next generation of clinical trials must be not only statistically17

rigorous but cognitively grounded and inclusive.18

1 Introduction19

Clinical research has relied on statistical paradigms to evaluate treatment safety and efficacy [1, 2].20

This paradigm has driven decades of medical progress, but statistical analysis alone is not sufficient21

to capture the complexity of human responses in clinical decision making [3–8]. The design and22

analysis of clinical trials and clinical trial data must go beyond statistical inference and incorporate23

cognitive models that reflect human-like reasoning and behavior [3, 5, 9–12].24

By integrating insights from cognitive science, machine learning, and reinforcement learning [5,25

10, 12–21], we propose a new approach for collecting, analyzing, and interpreting clinical trial data.26

This approach will shift the focus from treating patients as sources of decontextualized signals to27

acknowledging them as cognitive agents whose preferences, incentives, and behaviors are essential28

to the therapeutic decision process [3–5, 12]. Our proposal is urgent given recent trends, risks, and29

opportunities [22–29].30

Trends. Trends in AI have fueled anxieties about the replacement of human expertise with automated31

systems [23, 24, 26, 28]. Such anxieties underscore the need for approaches that bring humans back32

in the loop, ensuring that AI augments rather than supplants clinical reasoning [6, 7, 30–32].33

Risks. Emphasizing “automation” risks producing systems that operate as opaque statistical machines34

with limited interpretability, eroding clinician and patient trust [6, 7, 26, 28, 33]. We argue for a35
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paradigm centered on understanding human responses, not merely automating them [3–5, 12]. Without36

this emphasis on interpretability and inclusion of human cognition, confidence in computational37

methods for clinical trials will remain fragile [6, 7, 26, 28, 33].38

Opportunities. Recent advances in large language models (LLMs) are serendipitous [14–21, 34].39

Clinical trials have long struggled with two challenges: the difficulty with extracting rich, authentic40

information from patients, and the tendency toward narrow, biomarker-focused analyses that overlook41

broader dimensions of the patient journey [2, 35–37]. LLMs offer a way to address both challenges [15,42

17–21, 38]. First, on extraction, LLMs open a new mode of human–machine interaction that enables43

the unobtrusive collection of subjective responses from patients [17, 21, 23, 24, 29, 36, 37]. Unlike44

conventional clinical assessments that often require direct intervention or structured questionnaires,45

conversational interfaces mediated by LLMs allow patients to share experiences in a natural, less46

burdensome manner. Importantly, such interactions reduce the hesitancy or sentimentality often47

associated with self-reporting, thereby enriching the range and authenticity of captured responses, a48

possibility not previously realized in the clinical trial domain [22–24, 36]. Second, on analysis, LLMs49

extend beyond response extraction to provide a means of articulating and formalizing subjective50

reports in analyzable formats [18, 37–40]. This capability is not a mere technical improvement51

but a normative shift in how data in clinical trials can be conceptualized [5–7, 12]. For decades,52

trial data collection has centered on biomarkers and structured electronic patient-reported outcomes53

(ePROs) [2, 41]. These approaches offer a narrow lens on the patient journey [35–37, 42]. By contrast,54

interactions with LLMs create an avenue for accessing richer dimensions of trial participation,55

including patient preferences, cognitive states, incentives, and reactions to treatment responses [5,56

12, 17, 21, 23, 24, 29]. This epistemic shift—moving from statistical aggregation of biomarkers57

to cognitive engagement with patient responses—constitutes a critical next step for ML in clinical58

research [3, 4, 6, 7, 12].59

Recent work introduced Centaur, a behavioral foundation model fine-tuned on large-scale human60

behavior that predicts trial-by-trial choices and reaction times [43]. Centaur generalizes across held-61

out tasks including when the cover story is changed [43]. Notably, fine-tuning increases alignment62

between the model’s internal representations and human neural activity, suggesting that such models63

capture cognitively meaningful structure rather than superficial correlations [43, 44]. This indicates64

that LLMs can capture aspects of human cognition, not merely approximate them [44, 45].65

Building on this line of work, we introduce a cognitive ML model for clinical research [24, 29].66

The cognitive ML model is a thin, patient-first layer that adapts foundation models to clinical-67

trial workflows via clinical cover stories [29]. Examples of clinical cover stories include consent68

explanations paired with brief comprehension checks, AE narratives with temporal anchors to mitigate69

telescoping, preference/utility trade-offs under framing, and bias-aware disclosure prompts [46, 47].70

The layer is intentionally lightweight; rather than replace clinical trial infrastructure, the layer overlays71

existing PDFs, ePRO apps, and AE logs, while adding guardrails such as calibration thresholds,72

clinician deferrals, and auditability [48–50].73

Collectively, the highlighted opportunities suggest that integrating LLMs into clinical trials is not74

simply about technological adoption but about addressing enduring limitations in trial design [2, 6,75

35, 37]. In the following section, we turn to the challenges and blind spots that define this problem76

space, motivating why an integrative approach across clinical research, ML, and cognitive science is77

urgently needed [2, 4, 30–32].78

2 Motivation79

Many challenges undermine the reliability, inclusivity, and interpretability of clinical trial outcomes [2,80

22, 25–28, 35, 37, 42]. These challenges are more than technical; they are cognitive and human81

in nature [3–5, 12, 13]. Clinical research, ML, and cognitive science have historically evolved in82

isolation, leaving overlooked challenges, unaddressed blind spots, and misaligned incentives that call83

for deliberate integration [30–32, 35–37, 51–57].84

2.1 Overlooked Challenges85

One set of issues emerges from the lived experience of trial patients [23, 35–37] such as consent86

form complexity [58–60]. Patients are routinely confronted with dense, jargon-heavy documents87
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that induce information overload [58–62]. Such overload undermines true informed consent, as88

comprehension is compromised even before trial participation begins [59–61, 63]. Cognitive ML89

offers a path forward. By modeling comprehension and attention, we can refine consent forms in90

ways that respect cognitive limitations while improving patient understanding [10, 12, 13, 58].91

Similarly, survey fatigue remains a persistent barrier in the use of ePROs and symptom-tracking92

apps [35–37, 42]. Repeated surveys can induce habituation, where patients disengage or provide93

increasingly superficial responses over time [35, 36, 42, 64–66]. This habituation compromises the94

reliability of the data and erodes patient trust in the trial process [35, 36, 42].95

Another challenge is the telescoping effect in self-reporting where patients misjudge when AEs96

occurred [4, 67–69]. This temporal misalignment leads to inaccurate event logs that confound97

downstream statistical analyses [2, 4, 67–69]. Cognitive ML systems resolve this issue by modeling98

recall processes and response latencies and using temporal anchors to improve AE log fidelity.99

Equally problematic are blind spots across the three disciplines that ought to inform each other.100

2.2 Blind Spots101

In clinical research, AE reporting is a weak link [41, 70–76]. Underreporting remains common,102

particularly for mild or socially sensitive events [71, 72, 76]. For instance, gastrointestinal or sexual103

side effects are systematically underreported despite being clinically relevant [71, 76]. Current104

trial processes rely on participants’ initiatives to report, without accounting for cognitive or social105

barriers [4, 35, 71, 72]. Interactive cognitive ML systems could lower these barriers by offering106

nonjudgmental conversational spaces, thereby reducing AE underreporting [17, 21, 23, 24, 29, 36].107

In ML, there is a persistent neglect of cognitive paradigms [30–32]. Models typically treat human108

responses as noisy signals rather than as outputs shaped by cognitive paradigms and psychological109

processes [3–5, 12]. By simulating human comprehension and cognitive constraints, we argue for110

a methodological shift toward patient-first modeling [5, 10, 12, 30–32]. Empirically, the urgency is111

underscored by dropout rates. Across trial phases, patient dropout remains a major obstacle, with112

estimates exceeding 30% in some domains [2, 35, 75]. Models that explicitly incorporate cognitive113

processes may reduce dropout by fostering trust, comprehension, and engagement [6, 30–32, 35, 75].114

In cognitive science, another blind spot exists: “people know more than they tell” [4, 5, 12, 36].115

Traditional paradigms often underestimate the tacit, implicit, or socially inhibited knowledge patients116

hold [4, 5, 36]. ML, particularly interactive LLMs, can draw out this latent information through117

conversational engagement [17, 21, 23, 24, 29, 36]. By scaffolding naturalistic dialogue, ML can118

surface experiences and concerns that structured surveys would otherwise miss [23, 24, 29, 36, 77].119

2.3 Misaligned Incentives120

Clinical trials are shaped by misaligned incentives that must be addressed for any integrative approach121

to succeed [22, 25–28, 51–57]. Patient diversity remains a pressing concern [51–57, 78, 79]. Trials122

often fail to adequately recruit or retain patients from historically marginalized groups, resulting123

in biased evidence bases [51–57, 78, 79]. For example, during the COVID-19 pandemic, Black124

communities expressed distrust toward clinical trials, citing a lack of representation in study design125

and outcomes [51–53, 55, 56]. Without explicitly modeling such concerns, trial evidence risks126

perpetuating inequities [22, 25–28, 51–57].127

Moreover, emerging insights from behavioral economics and neuromarketing point to a related tension:128

human cognition is not merely rational but deeply shaped by incentives, moods, and contextual129

framing [9, 11, 80–84]. For example, marketing studies show that subtle manipulations of framing or130

context can alter consumer decision-making in predictable ways [9, 80–84], yet clinical trial design131

often neglects such cognitive-behavioral dynamics, assuming rational participation [5, 9, 82]. An132

integrative approach must recognize these misaligned incentives, not as confounds to be eliminated,133

but as realities to be modeled and ethically addressed [22, 25–28, 82].134

Together, these overlooked challenges, blind spots, and misaligned incentives motivate a principled135

roadmap [25, 85]. Therefore, we commit to a patient-first cognitive ML model for clinical research that136

targets behavioral competence on trial-relevant tasks, maintains calibrated reliability and subgroup137

parity, and remains lightweight and auditable [46]. In the appendices, we translate these commitments138

into a phased roadmap and a concrete AE-reporting case study.139
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3 Roadmap and Case Study for Cognitive ML in Clinical Trials140

Imagine a clinical trial where, on Day 1, participants meet an LLM that clarifies consent in plain141

language; by Week 4, the same system adaptively elicits symptoms, flags likely underreported events,142

and hands clinicians an auditable summary grounded in cognitive theory, not just statistics. Our143

ambitious vision is a direct response to long-standing extraction and analysis gaps, blind spots across144

disciplines, and misaligned incentives that erode trust.145

Anticipating objections—“LLMs are brittle,” “regulators won’t accept this,” “bias will creep in”—our146

roadmap sequences work where benefits are immediate and verification is possible with explicit147

safeguards: clinician adjudication and calibration against gold standards, bias and drift audits, and148

privacy-preserving data governance. We highlight two preconditions for progress that require collabo-149

ration beyond modeling: IRB-approved guardrails [86] and data stewardship aligned with existing150

trial oversight; and interoperability with trial infrastructure such as EDC/CDISC pipelines. With151

these foundations, the phases that follow move from feasibility pilots to cognitive ML integration152

and, ultimately, to a transformed trial ecosystem in which human cognition is modeled, measured,153

and ethically incorporated.154

Our roadmap advances from near-term feasibility to systemic transformation while keeping interven-155

tions lightweight, auditable, and centered on the cognitive ML model for clinical research introduced156

in Sec. 1. Across all phases we adopt three minimal commitments per workstream: behavioral (capa-157

bility and calibration targets defined a priori), processing (one decision-relevant mechanism check,158

e.g., representational or causal), and development (safe adaptation with audit trails). Deployment at159

each step is gated by a preregistered Behavioral Capability Audit (BCA) and supported by clinician160

deferral, subgroup-parity monitoring, and interoperability with existing EDC/CDISC pipelines.161

To reify the roadmap, we preview an exemplar case study on AE reporting that evaluates a thin,162

patient-first cognitive ML model for clinical research layered over the existing ePRO workflow. In a163

parallel-arm randomized design, the intervention arm augments standard AE questionnaires with a164

lightweight conversational overlay that uses clinical cover stories to normalize sensitive categories165

and temporal anchors (e.g., mealtimes, wake/sleep) to reduce telescoping; outputs are written back to166

EDC/CDISC fields with calibrated confidence and automatic clinician deferral for low-confidence or167

out-of-distribution cases.168

Co-primary endpoints are incremental AE yield (clinician-adjudicated) and temporal accuracy (abso-169

lute onset-time error vs. adjudication). Secondary endpoints include patient comfort and willingness-170

to-disclose, probabilistic calibration (ECE/Brier with selective prediction), clinician workload, and171

subgroup parity for yield and timing across age/sex/race. Deployment is gated by a pre-registered172

BCA specifying thresholds for capability, calibration, and parity, with audit logs, drift monitoring,173

and rollback plans. Integration is deliberately minimal—no endpoint changes, no infrastructure174

replacement—prioritizing safety, privacy, and auditability. Full protocol details, including prompts175

and cover-story templates, anchoring taxonomies, statistical analysis plan, and BCA thresholds, are176

provided in the Appendices.177

4 Conclusion178

We have argued that statistical paradigms—although foundational to clinical trial design—are not179

sufficient to capture the full complexity of human responses in therapeutic evaluation [2–7]. By180

integrating cognitive science with advances in ML, particularly LLMs, we propose a new approach181

for clinical research that treats human behavior, preferences, and cognition as signals to be modeled182

rather than noise to be suppressed [3–5, 12, 14–21, 38]. Our roadmap outlines a progression from183

cognitive-aware data collection to HITL ML and ultimately to systemic transformations in how trials184

are conducted and regulated [2, 30–32, 35, 37]. The proposed case study designs on survey fatigue185

and AE reporting illustrate the feasibility and impact of this integration, offering concrete pathways to186

address dropout, underreporting, and participant disengagement [35–37, 41, 42, 70–75]. Ultimately,187

our agenda induces epistemic and ethical shifts toward clinical trials that are not only statistically188

rigorous but also cognitively grounded, patient-centered, and more trustworthy in their capacity to189

guide medical decision-making [6, 7, 22, 25–28, 37, 51–57, 87].190
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A Roadmap for Integrating Cognitive Science and ML into Clinical Trials484

A.1 Phase 1: Foundations—Cognitive instrumentation of clinical data practices485

The first phase equips existing workflows with cognitive overlays that respect trial operations. For486

consent, we pair the standard PDF with brief teach-back checks delivered by a conversational487

interface, using readability-aware rewrites and adaptive clarification to reduce cognitive load. For488

ePRO survey fatigue, we layer adaptive phrasing and timing atop the current app, modeling habituation489

while preserving endpoints and schedules. For AE reporting, we introduce clinical cover stories490

that normalize sensitive categories and add temporal anchors tied to daily routines to mitigate491

telescoping; outputs are written back as structured fields with confidence scores and an audit trail.492

Each workflow must pass BCA gates before claims of improvement: for consent, a predefined493

comprehension-gain threshold and stable performance across reading levels; for ePROs, reduced494

missingness without loss of calibration; for AEs, bounded timestamp error relative to clinician495

adjudication and increased yield without unacceptable false positives. Mechanism checks remain496

surgical (e.g., a representational test showing the model tracks time-anchor features), and development497

remains minimal (dataset/model cards, prompt/version control, weekly drift snapshots). Preconditions498

include IRB-approved guardrails, privacy governance aligned with site requirements, and non-499

disruptive integration to the trial’s EDC.500

Goal: Address overlooked challenges by building cognitive models of participant behavior.501

1. Refining Consent502

(a) Apply cognitive load theory to redesign consent forms and test comprehension experi-503

mentally.504

(b) Pilot LLM-mediated consent conversations that adaptively clarify participant doubts.505

(c) Rather than replacing existing PDFs, introduce a “two-factor” sampling mechanism:506

participants review a short excerpt or summary and are then prompted with compre-507

hension checks or clarifying dialogues before proceeding, ensuring comprehension508

without overhauling existing infrastructure.509

2. Combating Survey Fatigue510
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(a) Develop models of habituation by simulating how repeated prompts reduce attention511

and engagement.512

(b) Explore adaptive ePROs that vary question framing/timing using reinforcement learning513

to sustain engagement.514

(c) Integrate these adaptive mechanisms as overlays to existing ePRO applications rather515

than entirely new systems, minimizing disruption.516

3. Improving Event Reporting517

(a) Test hybrid systems where participants’ AE narratives (elicited through LLM dialogue)518

are temporally anchored by cognitive recall models.519

(b) Benchmark against standard self-report logs for accuracy.520

(c) Deploy these conversational probes at pre-specified intervals (e.g., at routine check-ins)521

so that they augment, rather than replace, existing AE reporting workflows.522

Outcome: Cognitive-aware clinical data collection protocols that can be layered onto existing trial523

infrastructures (e.g., PDF forms, ePRO apps, routine AE logs) with minimal overhead, enabling524

rigorous evaluation alongside traditional methods.525

A.2 Phase 2: Patient-in-the-loop models for trial operations526

Having instrumented workflows, we integrate our patient-first cognitive model more tightly with527

site practice while retaining human control. Behaviorally, the model is initialized with behavioral528

priors (Centaur-style training on human choices and latencies) and adapted via the thin clinical layer529

to trial tasks: consent comprehension, AE timing/reporting, preference trade-offs, and bias-aware530

disclosure support. Clinicians receive calibrated summaries with explicit uncertainty; low-confidence531

or out-of-distribution cases are automatically deferred. We evaluate dropout-risk prediction, tacit-532

knowledge yield from naturalistic dialogue, and clinician workload, always reporting subgroup-parity533

metrics. Processing commitments add one causal test per task (e.g., an activation-patching or ablation534

study showing that disrupting a “time-anchor” representation degrades AE dating), linking internal535

processes to reliability. Development expands to shadow training and safe online adaptation under536

SOPs: updates occur only when BCA gates and parity thresholds are met, with rollback plans and537

versioned audits. Preconditions include site-level SOPs for escalation/deferral, staff training, and live538

interoperability checks with CDISC mappings.539

Goal: Close the blind spots across ML, cognitive science, and clinical research.540

1. Modeling Human Comprehension541

(a) Develop integrated ML and cognitive systems that explicitly simulate participant com-542

prehension and decision-making (e.g., probabilistic models of consent understanding).543

(b) Incorporate dropout risk predictors that factor in cognitive states and engagement544

histories.545

2. Tacit Knowledge Extraction546

(a) Deploy cognitive-LLMs in trial settings to conduct structured yet conversational inter-547

views, surfacing information participants might not disclose in formal surveys.548

(b) Compare yields with standard structured reporting to quantify hidden knowledge549

capture.550

3. AE Detection551

(a) Train models to cross-reference conversational data, response latencies, and linguistic552

markers to infer unreported AEs.553

(b) Validate against clinician follow-ups and medical records.554

Outcome: Integrated ML and cognitive models that reduce dropout, increase AE reporting fidelity,555

and provide richer behavioral data streams.556

A.3 Phase 3: Transformation: Cognitive-integrated trials and regulatory alignment557

The final phase reframes trials as cognitive ecosystems in which patient narratives are first-class sig-558

nals, i.e., auditable, calibrated, and ethically governed. Behaviorally, cognitive-interaction data (e.g.,559
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comprehension checks, temporal-anchor success, disclosure comfort) are specified as exploratory560

endpoints alongside traditional PROs and biomarkers, with preplanned analyses for clinical rel-561

evance. Processing commitments mature into stable mechanism specifications—the small set of562

internal signals that are continuously monitored for drift because they are causally tied to reliability563

(e.g., the anchor-tracking channel for AE dating). Development formalizes a lifecycle: retraining564

cadence, bias and safety audits, subgroup parity dashboards, and governance for change management565

across sponsors and sites. We outline regulatory mapping so that cognitive-interaction outputs are566

validated within existing guidance, and we document patient-centric benefits (comprehension, trust,567

retention) alongside operational impact (AE fidelity, clinician workload). Preconditions include568

cross-stakeholder governance (sponsor, CRO, site, IRB), privacy/compliance sign-off, and agreed569

thresholds for promotion from exploratory to supportive evidence.570

Goal: Create epistemic and ethical shifts in how clinical trials are designed, interpreted, and regulated.571

1. Ethical Diversity Modeling572

(a) Use cognitive ML-driven simulations to explore how diverse patient groups interact573

with trial protocols.574

(b) Develop adaptive recruitment and retention strategies sensitive to cognitive and cultural575

differences.576

2. Incentive-Aware Trial Design577

(a) Incorporate behavioral economics insights to align participant incentives (e.g., framing578

adherence not as compliance but as agency).579

(b) Test cognitive LLM-mediated motivational feedback loops to sustain engagement.580

3. Regulatory and Epistemic Shifts581

(a) Propose frameworks for regulatory acceptance of conversational and cognitive-response582

data as valid clinical endpoints.583

(b) Argue for expanding trial evidence bases beyond biomarkers and structured ePROs to584

include cognitive-interaction data streams.585

Outcome: A new paradigm of “cognitive-integrated trials” where human responses are not noise to586

be controlled but signals to be modeled, analyzed, and ethically incorporated into clinical decision-587

making.588

By moving from cognitive overlays (Phase 1) to patient-in-the-loop integration (Phase 2) and finally589

to cognitive-integrated trials (Phase 3), the roadmap delivers measurable improvements, i.e., higher590

AE yield with better timing fidelity, stronger consent comprehension, and reduced fatigue without591

disrupting infrastructure. The result is a patient-first, auditable pathway that demonstrates behavioral592

competence, links reliability to tractable internal processes, and establishes a sustainable development593

and governance model for clinical deployment.594

B Case Study Design: Enhancing AE Reporting595

Objective. Evaluate whether a cognitively informed, patient-first conversational layer (our cognitive596

ML model for clinical research) improves the completeness and temporal accuracy of AE report-597

ing—relative to standard structured questionnaires—while maintaining calibration, subgroup parity,598

and clinician control.599

Setting and patients. The study is embedded in a Phase III cardiovascular trial with 100 adult600

patients observed during a four-week intensive AE-monitoring window.601

Design. We use a parallel-arm randomized design comparing standard AE questionnaires at fixed602

intervals to an ePRO application instrumented with a lightweight conversational overlay. The overlay603

sits atop existing AE logging and maps outputs to standard EDC/CDISC fields without altering604

endpoints, visit schedules, or data standards. The model is initialized with behavioral priors derived605

from a behavioral foundation model (Centaur-style training on human choices and latencies) and606

adapted via a thin clinical layer; the artifact of record is our clinical model, not the base foundation607

model.608

Intervention. The conversational layer deploys clinical cover stories that normalize sensitive cat-609

egories in order to reduce social desirability bias and encourage disclosure, and it uses temporal610
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anchors—such as prompts tied to meals or wake/sleep cycles—to mitigate telescoping and improve611

event dating. Prompt phrasing and timing adapt when hesitation cues are detected in language612

or latency. All outputs carry calibrated confidence; when confidence falls below a preregistered613

threshold, the system defers to clinician review by design. Integration is intentionally lightweight:614

the overlay augments the current ePRO workflow, pairs consent-period comprehension checks with615

brief teach-back items rather than lengthy retraining, and produces a structured AE summary (event616

type, onset/offset, severity, impact, confidence) with an auditable trace of prompts and responses.617

Outcomes and endpoints. The co-primary endpoints are incremental AE yield—defined as additional618

clinician-adjudicated AEs per patient versus control—and temporal accuracy—defined as absolute619

error in AE onset time against clinician or record-based adjudication. Secondary endpoints include620

patient comfort and willingness-to-disclose measured on a brief Likert index, probabilistic calibration621

assessed via expected calibration error and Brier score with selective-prediction curves, and clinician622

workload measured as review minutes per patient. Exploratory outcomes quantify linguistic and623

latency markers of hesitation, subgroup parity in incremental yield and timestamp error across age,624

sex, and race, and weekly drift in calibration and yields.625

BCA gates. Prior to any deployment claims, the model must meet preregistered gates: a BCA-626

Temporal threshold specifying that median timestamp error does not exceed a predefined window (for627

example, 24 hours) relative to adjudication; a BCA-Disclosure threshold demonstrating a statistically628

significant increase in clinically relevant AE categories without an unacceptable rise in false positives;629

a calibration threshold requiring expected calibration error below a preset bound with a deferral630

policy that routes a prespecified share of low-confidence cases to clinicians; and a parity threshold631

bounding subgroup gaps in incremental yield and timestamp error by a small δ selected with clinical632

input.633

Analysis plan. Primary analyses follow intention-to-treat with difference-in-means or rank-based634

estimators and 95 percent confidence intervals. Hierarchical models adjust for baseline symptom635

burden and visit adherence. Sensitivity analyses include per-protocol estimates, clinician-review time636

effects, and robustness to prompt variants using preregistered A/B phrasing. Errors are categorized637

into non-AE false positives, misdated events, and severity misclassification, and are summarized with638

confusion matrices and calibrated risk plots.639

Safety, ethics, and governance. The clinician remains in the loop for all flagged events; the model640

cannot modify treatment or finalize outcomes. Data are processed locally or within an approved641

secure enclave, and all interactions are logged for audit. Weekly bias and drift audits evaluate parity642

and calibration; failure to meet gates triggers rollback to baseline prompts. Documentation comprises643

a model card, dataset card for the clinical layer, and a standard operating procedure detailing deferral644

and escalation pathways.645

Expected Contributions. The study demonstrates that a thin, auditable clinical layer can translate646

cognitive-behavioral priors into higher AE yield and better timing fidelity without disrupting infras-647

tructure, while preserving safety through calibration and deferral, building trust via auditability, and648

promoting equity through explicit parity gates.649

While our roadmap outlines a broad vision for integrating cognitive science and ML into clinical650

trial design, concreteness is essential for evaluation and critique. To this end, we present exemplar651

case studies that operationalize the approach in specific trial contexts. Each targets a distinct652

blind spot from our problem framing—patient disengagement (survey fatigue) and adverse-event653

underreporting—and shows how cognitively informed, LLM-mediated interventions can be embedded654

as lightweight overlays on existing workflows. These are not full-scale deployments but structured,655

auditable prototypes—using clinical cover stories, temporal anchoring, calibration and clinician656

deferral—that demonstrate feasibility, stimulate empirical inquiry, and clarify the methodological657

shifts we contend are necessary.658
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