
Effective implementation of an AI-assisted burden caregiver detection platform requires thoughtful human-AI collaboration, 
which if done successfully and ethically can shape how the field approaches automated psychosocial assessment in dementia. 
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Detecting The Invisible: AI-Based  
Identification of Dementia Caregiver Burden

55 million people worldwide live with 
dementia [1].
Each year, US family caregivers (CG) 
provide over 19 billion hours of unpaid 
care [1].
Dementia CGs experience twice the 
emotional, physical, & financial burden & an 
increased risk of depression compared to 
non-AD/ADRD caregivers [2].
CG burden exacerbates situations leading 
to
• Poorer health outcomes,
• Earlier nursing home placement, [3]
• $600+ billion in annual costs [4].
Early burden detection is challenging 
due to its multidimensional, subjective 
nature.

This study compared 3 machine learning 
(ML) approaches for detecting CG burden 
in clinical conversations to inform 
development of a real-time screening 
platform for interdisciplinary team (IDT) 
meetings.

This is a secondary research study using 
data collected in a clinical trial 
(NCT04165213).

All methods struggled to detect implicit emotional content.
Literal statements were detected but missed contextual subtext clinicians would identify.

Transcripts were coded for burden by experts Hannah Cho, PhD, 
Freya Yang, Hanna Ramsburg, PhD and Emma Max and machine 
learning methods were tested by Mengyuan Kan, PhD, Shu Yang, 
PhD, Weiqing He, BS, MS, Boning Tong, BS, ME and Hongzhuo 
Chen, BS.
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• Current AI alone cannot distinguish 
caregiver burnout from burden, but the 
development of a clinical decision support 
platform for family care consults is needed. 

• We are designing a system that flags 
potential burden indicators during IDT 
assessments requiring human clinical 
review – not just a diagnosis.

• This approach combines AI screening 
sensitivity & valuable clinician contextual 
judgment. 

• This work establishes feasibility 
benchmarks for AI-assisted burden 
screening.

• Future research must pursue multimodal 
integration of conversational patterns, 
validated instruments, temporal trends, and 
relationship dynamics. 

• Next steps include, testing more loss 
functions and computing balanced accuracy 
to address class imbalance in the dataset.

We used 126 CG transcripts to develop and evaluate 3 ML approaches to burden detection.

Approaches Findings
1. Semi-Supervised ML learning
BERT models trained via transcripts classified 
by CG Zarit Burden Index (ZBI) scores [5]. 

F1-score: 0.58 (precision = 0.48, recall = 0.77)

Minimally exceeded the baseline (F1=0.57) 
from classifying all caregivers as burdened.

2. Iterative Large Language Model 
Prompting
Trained HIPAA-compliant GPT system with 
burden definition and study purpose.

F1-score: 0.60 (precision = 0.43, recall = 1)

Marginally higher precision than method #1.

3. Fully supervised ML learning
Via transcripts coded at sentence level 
(n=126)

• High burden transcripts (n=57)
• “Low” burden transcripts (n=69)

F1-score: 0.25 (precision = 0.19, recall = 0.35)

Similar performance despite expert coding. 
Coding reveals dataset class imbalance.
• 1.1% of sentences coded as burden

Burden 
minimization

Interpretation
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