Al-Driven Survivor Journey Mapping for TAPS: Automating Grief Stage Classification
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classification of grief stages in survey responses for the Tragedy Assistance Program fp Develop an NLP-based model to classify open-ended survey responses from TAPS (Data Sources \ Question Question Importance
for Survivors (TAPS),Wthh.support.s families of fallen mllltary personnel. TAPS serves I participants into specific stages of grief, enabling TAPS to provide timely, stage- Imbortance q?7 —
an average of 26 new survivors daily, manually analyzing survey data to assess each Problem . - - P 4 T

vor's gri : : i i JUNNSE appropriate support to military families. — = - o
survivor’s grief stage—a time-consuming process that limits scalability (TAPS, This graph showcases the o
2023). Training Data T weighting of each question o4 .

' isti inguisti [ ifi est Data : . ]
h Each grief stage has distinct linguistic patterns that can be identified through NLP. 50 rows with o4 Colum oy e o measured by the decrease in qg
Leveraging machine learning and natural language processing (NLP), our model Key Survey responses contain enough context for accurate classification. \ — Gini. Throughout this we were 12—
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potential of Al to enhance scalability and resource allocation, contributing to
improved support services for grieving military families.
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Prolonged grief disorder impacts approximately 10% of those who experience
loss, often leading to severe consequences such as depression, anxiety, and Data Sources
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Learning to Process Grief

Throughout our research experiments, we were dealt with
challenges due to the small limited training set. However, the
insights discovered indicate further room for research.

Beginning to process grief, the surviving
child seeks validation, guidance, and
connection with peers to normalize feelings.
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