
Cognitive Machine Learning for Reducing Survey Fatigue in Clinical Trials 

Clinical trials are essential to advancing medical knowledge, but current data collection methods impose heavy 

cognitive demands on participants [1]. A major challenge is survey fatigue, particularly in electronic patient-

reported outcomes (ePROs), where repeated questionnaires lead to habituation, superficial responses, and 

disengagement [2]. These effects undermine data reliability and erode trust in the trial process. We propose a 

cognitive machine learning framework that addresses this problem by embedding insights from cognitive science 

into ML-driven trial design [3].  

 We created a phased roadmap for combining cognitive science and ML in clinical research. Phase 1 

introduces lightweight cognitive overlays into ePRO systems: adaptive phrasing, variable timing, and reinforcement 

learning-based adjustments designed to minimize cognitive load [1] while sustaining engagement through strategies 

analogous to cognitive behavioral techniques such as reframing and gradual exposure [4]. Phase 2 integrates a 

patient-first cognitive ML model trained with behavioral priors (e.g., Centaur-style models [5]) to sustain 

engagement and predict dropouts. This model delivers calibrated summaries and defers low-confidence cases to 

clinicians. Phase 3 reframes trials as cognitive ecosystems, where participant engagement metrics—such as 

attention, comprehension, and trust—become first-class endpoints alongside biomarkers. 

 We illustrate the feasibility of our approach through a survey fatigue case study. A conversational overlay 

adaptively rephrases questions, detects hesitation cues, and introduces cognitive scaffolding to sustain attention. 

Outputs are mapped back into standard ePRO formats with auditable traces. Early results suggest this approach can 

reduce missingness, improve response quality, and lower dropout risks while preserving regulatory compliance and 

clinician oversight [6]. 

 Our work represents both an epistemic and ethical shift. It reframes survey responses not as noisy 

compliance data but as cognitively mediated signals. And by modeling participant comprehension, attention, and 

engagement, cognitive ML provides pathways to reduce attrition, improve inclusivity, and strengthen patient trust. 

This case study demonstrates how cognitively aware trials can enhance reliability, equity, and participant-

centeredness. 
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