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The field of social media mining for health has seen explosive growth since 2020, with
publication volumes predicted to peak in 2025. The research landscape is concentrated,
with the United States and China as primary hubs, and a small network of core scholars
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Figure 2: 3D Thematic Map of Research in SMM from 2015 to 07/31/2025
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Period (2015-2019) 2023) (2024—-2025)

During this phase, research themes emerged from The COVID-19 pandemic provided unprecedented data, After explosive growth, research themes started to
the convergence of ML and NLP technological attention, and application scenarios. Consequently, leading to reconsolidate. Methods remain central. This indicates
advancements with specific needs In pharma- explosive growth in research scope and rapid diversification of that technologies are maturing and being syste-
covigilance and rare diseases. Though studies were research themes. This phase was problem-driven mobilizing matically applied to health research. Furthermore,
relatively fragmented, they exhibited strong purpose- all methodological approaches and application directions the latest research applies systematic methodologies
fulness, with technology driving applications. While (vaccines, monitoring, attitudes) to serve its needs. to prior, long-term public health challenges like
this marked only the foundational stage of metho- “vaccines” and “mental health.”

dology and emerging applications.
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