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1. PROPOSED MODEL 5. RESULTS — APPLY MODEL FOR EEG DATA SET

J Score equation for j-th variance component of 4.

n

. 9 K ai(yi — h(ni)) 7ol
Igj — al(a 6) — Z Wk{z i\ lik Z;Z_,? bk} — 0 (3)
J k=1 =1

J Functional Data Analysis (FDA) is a topic of growing Iinterest in the Statistics
community. The data in FDA are smooth curves or surfaces in time or space which
can be conceptualized as functions.

d We are interested with the data set Electroencephalogram (EEG) signals and confusion levels
among the college students watching different Massive Open Online Courses (MOOC) videos
collected by Wang et al. 2013.

Mean Plot

Functional Coefficient

d Use Newton-Raphson algorithm to solve the equations (2) and (3) for given initial (8, 6):
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We propose a Functional Generalized Linear Mixed Model (FGLMM) to fit EEG
data and estimate the parameters using Quasi-Monte Carlo Method.
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This proposed model deals with non-Gaussian scalar response, functional predictor,
and random effects. We relax the assumption of link and variance functions.
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2. BACKGROUND AND CONTRIBUTION 4 Hz Mean Brain wave Plot Functional Coefficients

Subject 0 & Video 0 & Confusion = 0 Subject 1 & Video 4 & Confusion = 1

Limited works on scalar response variable in Functional mixed model setting.
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We include the mixed effects and the generalized form of the model by allowing non-
Gaussian response to define our proposed model FGLMM.
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Quasi-likelihood allow the non-Gaussian and non-exponential cases.
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We relax the model assumption of known link and variance function.

000000

-20000

Monte Carlo (MC) method allow to approximate the intractable integration point wise.

Audio-Visual
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3. MATHEMATICAL FRAMEWORK Subject 0, Video 0, Confusion =0 Subject 1, Video 4, Confusion =1
0 Data representation: ({X;;(t),t €T}, ¥;;) i=1,..,n j=1,..,q. Assume that these jX(t),B(t)dt = —(0.78 fX(t),B(t)dt = 0.77

data are from an i.i.d sample.

Measured Signals from Sensor-Transducer

d Random Intercept model:  g[E(Y)] = (o + / B1(1)X(t) dt + ZUg 6. SUMMARY, CONCLUSION, AND RECOMMENDATIONS

T
| - | | 4. MODEL PERFORMANCE S emerene The proposed model proves particularly useful when dealing with data that exhibit temporal or
 Using Karhunen-Loeve expansion with orthonormal basis function {@, (t)}r-; € L(t), . spatial dependencies, as is typical in EEG recordings.
t € T, K—truncated Random Intercept Model is "
K We can effectively interpret the findings of fitting an FGLMM to EEG data and use functional data
- : i FD basi iginal B(t ) T -
glE(Yi)l ~ Bo+ Y buxk+ZUp i=1.--.n Mean functions FDs asis vs original B(t) plots to gain insights into the process.
=1 = / - Eg)eige” basis N A The proposed estimation method, QMC-FGLMM, alleviates the assumptions of usual GLM or
0 Quasi-Monte Carlo Estimation in FGLMM: 2 T e GLMM, such as the distribution of the response variable and the link functions, thereby allowing
Qd LetPy ={cx:k=1,..,K} € C1. The QMC approximated log-likelihood is, = _ estimation of non-traditional data.
1 X n . ] ~ c The model permits the assignment of different coefficients to each group (mixed model), thus
[(3.60) = log 0 Z exp{z li(5, X2 F—l(ck))} (1) S S 8- facilitating the estimation of distinct behaviors across various groups.
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