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e Cognitive States Group - Owen Rambow

e Cognitive Science and Language Learning - Jordan Kodner

e DSL: Data Science Lab - Steven Skiena

e Grammatical Inference - Jeffrey Heinz

e HLAB: Human Language analysis Beings - H. Andrew Schwartz
e |pseology and ldentity Trends - Jason J. Jones

e KALM: Knowledge Authoring Logic Machine - Paul Fodor

e LAIR: Language and Al Research - Ritwik Banerjee

e LUNR: Language Understanding and Reasoning - Niranjan Balasubramanian
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The Health of Individuals is Improving
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The Health of Individuals is Improving

Life Expectancy
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Johannes C. Eichstaedt, Robert J. Smith, Raina M. Merchant, Lyle H. Ungar,
Patrick Crutchley, Daniel Preotiuc-Pietro, David A. Asch, H. Andrew Schwartz.
2018. Facebook language predicts depression in medical records. Proceedings of
the National Academy of Sciences. DOI:10.1073/pnas.1802331115
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Prediction of Depression Diagnosis
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Social media language change prior to hospital visit
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Guntuku, S. C., Schwartz, H. A., Kashyap, A., Gaulton, J. S., Stokes, D. C., Asch, D. A,, ... & Merchant, R. M. (2020). Variability in Language used on Social
Media prior to Hospital Visits. Nature - Scientific Reports, 10(1), 1-9.
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Addiction Treatment Outcome Risk Assessment
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Curtis, B., Giorgi, S., Ungar, L., Vu, H., Yaden, D, Liu, T., ... & Schwartz, H. A. (2023). Al-based analysis of social media language predicts addiction
treatment dropout at 90 days. Neuropsychopharmacology, 48(11), 1579-1585.
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Kjell, O. N., Sikstrom, S., Kjell, K., & Schwartz, H. A. (2022). Natural language analyzed
with Al-based transformers predict traditional subjective well-being measures
approaching the theoretical upper limits in accuracy. Scientific reports, 12(1), 1-9.
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Son, Y., Clouston, S. A., Kotov, R., Eichstaedt, J. C., Bromet, E. J., Luft, B. J., & Schwartz, H. A.
(2021). World Trade Center responders in their own words: predicting PTSD symptom
trajectories with Al-based language analyses of interviews. Psychological medicine, 1-9.
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PTSD symptoms future trajectories

B (adjusted for age, gender, occupation,

Interview language features r (direct correlation with symptom slope) days since 9-11, Interview PCL)
Psychological traits
Anxiety 0.16 (—0.07 to 0.37) 0.30* (0.08-0.49)
Depression —-0.00 (=0.23 to 0.22) 0.16 (—=0.07 to 0.37)
Neuroticism 0.07 (0.29 to —0.16) 0.20 (—0.03 to 0.40)
Extraversion 0.17 (—0.06 to 0.38) 0.18 (—0.05 to 0.39)
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PTSD symptoms future trajectories
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Interview language features r (direct correlation with symptom slope) days since 9-11, Interview PCL)
Psychological traits
Anxiety 0.16 (—0.07 to 0.37) 0.30* (0.08-0.49)
Depression —0.00 (=0.23 to 0.22) 0.16 (—=0.07 to 0.37)
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