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Motivation
Behavioral epidemic models capture the feedback loop between human risk response and disease | 42 ‘/Accurate behavior parameter estimation
= = . . . . . . . . . : . . .
transmission. Accurate parameter estimation through model calibration Is vital for making projections. ? Oiis challenging early on, even with accurate data and a well-structured model.
However, few studies estimate behavior-related parameters using available data. oF | | - |
------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------ o O improves with additional data on human behavior.
Objective: Examine parameter estimation challenges in behavioral epidemic models » . .
........................................................................................................................................................................................................................................................................................................................ + Orequires data of at least half of a wave, due to the behavioral response delay.
oo . .
Hypotheses | | | 0 ‘/Absent behavioral loop (conventional SEIR)
 HI1: Effect of Observation Time: Parameters can be accurately estimated throughout the [= | o I |
pandemic using an accurate model and data, improving as disease outbreak progresses. > O models may fit well initially but exhibit significant errors after the first wave.
« H2: Effect of Model Structure: Parameter estimation Is u_nrellable W|th improper model structure. N O having extensive data does not correct the model’s structural deficiencies.
 H3: Effect of Behavior Data: Using public behavior data improves estimation accuracy.
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method for calibration.
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