Engagement synchronizes brains and warps time
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Introduction
Neural Engagement:
• EEG evoked by 10 videos (N=22)
Find Components with Maximal Inter-Subject Correlation
(ISC)

• What is Engagement?
•
•
•
•

Transportation (Green & Brock, 2000)
Identification (Cohen, 2001)
Presence (Biocca, 2002)
Flow (Csikszentmihalyi, 1997)

• How to measure engagement?
• Self Report Questionnaires
• Online: re-tweets, re-postings, comments, click-rate, total audience size
sensors

Objective

Subject X

1. Provide a formal definition for Engagement
2. Develop a quantitative behavioral metric
3. Validate a postulated neurological correlate
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Correlation (ISC)

Proposed definition: The commitment to devote scarce
resources to a stimulus.
•

Commitment can be estimated objectively using the resources (time,
money, etc.) that an individual is willing to allocate
Here: Measure engagement online using the likelihood that audience
members will be retained for an interval of time

Methods
Behavioral Engagement:
Experimental Data:
• 10 videos
• 1,000 viewers recruited via Amazon’s MTurk
• Given an artificial time limit (15 min) to watch videos (27
min total)
• Total data collection duration: ~ 1 hour
Real World Data:
• 5 videos
• Provided by content generator (StoryCorps)
• Total data collection duration: 2.6 +/- 0.8 years (since each
video was originally posted online)
𝑆 𝑡 = Viewership Survival [Fraction]:
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𝐸 𝑡 = Engagement [s]:
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Proportional Hazard Model:
𝐸 𝑡 = 𝐸0 𝛾(𝑡)
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Engagement Definition
•

Can ISC explain variation in engagement?
Hypothesis:
Engagement  Reliable processing  Synchronize brain
activity
Use three most correlated components resolved in time
(Dmochowski et al., 2012, Ki et al., 2016):
𝑥 𝑡 = [𝑥1 𝑡 , 𝑥2 𝑡 , 𝑥3 (𝑡)]

(2)
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Goal: Find spatial projections w such that resultant 1D temporal
fluctuations are maximally correlated in time, i.e. evoked
responses are reliably reproduced in two datasets
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Neural vs. Behavioral Engagement
• Δ 𝑡 = 12 s
• 𝐸0 = 212 s
• 𝛾1 (𝑡) = 1.0, 𝛾2 (𝑡) = 1.5, 𝛾3 (𝑡) = 1.1
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Results
“Experimental” engagement data mimics “Real World.”

• A: Goodness of fit (R) between “Experimental” engagement (𝐸 𝑡 ) and neural
engagement (𝛾(𝑡), Equation 3) for different time intervals ∆t.
• B: Predictive ability of neural engagement (𝛾 𝑡 ) on the “Real World”
engagement data using the model developed on the Experimental
engagement data in the best fitting window of ∆t=12s.

Conclusions
• 𝐸 𝑡 =

1
λ 𝑡

= “mean time between failures”

• Renewal Process
• An estimate of the level of commitment, not an estimate of
expected viewing time
• 𝛾 𝑡 may explain the warping of time experienced during
engagement
• Component 2 of ISC contributes most strongly
• Can ISC be used to measure purely endogenously motivated
attention?
“Real World” (online viewers, watching at their discretion, left column) vs.
“Experimental” (viewers recruited on MTurk, middle column).
• A/B: Survival curves (S(t)).
• C/D: Hazard (Equation 1).
• E/F: Engagement (Equation 2, plotted on a log scale)
• G: Average engagement relative to video duration.
• H: Engagement correlated between “Real World” and “Experimental” data.
(Color indicates one of five videos, Points represent ∆t=12s)
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