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The N400 effect (hierarchical normal likelihood)

In the EEG literature, it has been shown that words with
low-predictability are accompanied by an N400 effect in comparison with
high-predictable words, this is a relative negativity that peaks around
300-500 after word onset over central parietal scalp sites (first noticed in
Kutas and Hillyard 1980, for semantic anomalies and in 1984 for low
predictable word; for a review: Kutas and Federmeier 2011).

1. Example from DeLong, Urbach, and Kutas (2005)
a. The day was breezy so the boy went outside to fly a kite.
b. The day was breezy so the boy went outside to fly an airplane.
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Figure 1: Typical ERP for the grand average across the N400 spatial window (central parietal electrodes: Cz,
CP1, CP2, P3, Pz, P4, POz) for high and low predictability nouns (specifically from the constraining context of the
experiment reported in Nicenboim, Vasishth, and Rösler 2020). The x-axis indicates time in seconds and the
y-axis indicates voltage in microvolts (note that unlike many EEG/ERP plots, the negative polarity is plotted
downwards).
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• We simplify the high-dimensional EEG data by focusing on the
average amplitude of the EEG signal at the typical spatio-temporal
window of the N400.

• We focus on the N400 effect for nouns from a subset of the data
from Nieuwland et al. (2018). (To speed-up computation, we’ll
restrict the dataset to the participants from the Edinburgh lab)
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df_eeg_data <- read_tsv("data/public_noun_data.txt") %>%
filter(lab == "edin") %>%
mutate(c_cloze = cloze / 100 - mean(cloze / 100))

df_eeg_data$c_cloze %>% summary()

## Min. 1st Qu. Median Mean 3rd Qu. Max.
## -0.47 -0.44 0.03 0.00 0.43 0.53
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One nice aspect of this dataset is that the dependent variable is roughly
normally distributed:
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Figure 2: Histogram of the N400 averages for every trial in gray; density plot of a normal distribution in red.
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A complete pooling model

We’ll start from the simplest model which is basically a linear regression.
Note that this model is incorrect for these data due to point 2 below.

• Model 𝑀𝑐𝑝 assumptions:

1. EEG averages for the N400 spatiotemporal window are normally
distributed.

2. Observations are independent.
3. There is a linear relationship between cloze and the EEG average for
the trial.
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• Likelihood:

𝑠𝑖𝑔𝑛𝑎𝑙𝑛 ∼ 𝑁𝑜𝑟𝑚𝑎𝑙(𝛼 + 𝑐_𝑐𝑙𝑜𝑧𝑒𝑛 ⋅ 𝛽, 𝜎) (1)

• Priors:

𝛼 ∼ 𝑁𝑜𝑟𝑚𝑎𝑙(0, 10)
𝛽 ∼ 𝑁𝑜𝑟𝑚𝑎𝑙(0, 10)
𝜎 ∼ 𝑁𝑜𝑟𝑚𝑎𝑙+(0, 50)

(2)
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Fitting the model

fit_N400_cp <- brm(n400 ~ c_cloze,
prior =

c(prior(normal(0, 10), class = Intercept),
prior(normal(0, 10), class = b),
prior(normal(0, 50), class = sigma)),

data = df_eeg_data
)
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fit_N400_cp

## Family: gaussian
## Links: mu = identity; sigma = identity
## Formula: n400 ~ c_cloze
## Data: df_eeg_data (Number of observations: 2827)
## Samples: 4 chains, each with iter = 2000; warmup = 1000; thin = 1;
## total post-warmup samples = 4000
##
## Population-Level Effects:
## Estimate Est.Error l-95% CI u-95% CI Rhat
## Intercept 3.66 0.23 3.22 4.10 1.00
## c_cloze 2.26 0.55 1.19 3.33 1.00
## Bulk_ESS Tail_ESS
## Intercept 4301 3214
## c_cloze 4038 3036
##
## Family Specific Parameters:
## Estimate Est.Error l-95% CI u-95% CI Rhat
## sigma 11.84 0.16 11.54 12.15 1.00
## Bulk_ESS Tail_ESS
## sigma 4865 3060
##
## Samples were drawn using sampling(NUTS). For each parameter, Bulk_ESS
## and Tail_ESS are effective sample size measures, and Rhat is the potential
## scale reduction factor on split chains (at convergence, Rhat = 1).

11



plot(fit_N400_cp)
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No pooling model

• Model 𝑀𝑛𝑝 assumptions:

1. EEG averages for the N400 spatio-temporal window are normally
distributed.

2. Observations depend completely on the participant. (Participants
have nothing in common.)

3. There is a linear relationship between cloze and the EEG average for
the trial.

13



• Likelihood:

𝑠𝑖𝑔𝑛𝑎𝑙𝑛 ∼ 𝑁𝑜𝑟𝑚𝑎𝑙(𝛼𝑖[𝑛] + 𝑐_𝑐𝑙𝑜𝑧𝑒𝑛 ⋅ 𝛽𝑖[𝑛], 𝜎) (3)

• Priors:

𝛼𝑖 ∼ 𝑁𝑜𝑟𝑚𝑎𝑙(0, 10)
𝛽𝑖 ∼ 𝑁𝑜𝑟𝑚𝑎𝑙(0, 10)
𝜎 ∼ 𝑁𝑜𝑟𝑚𝑎𝑙+(0, 50)

(4)
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We fit it in brms by removing the common intercept with 0 + and thus
having an intercept and effect for each level of subject:
fit_N400_np <- brm(n400 ~ 0 +

factor(subject) + c_cloze:factor(subject),
prior =

c(prior(normal(0, 10), class = b),
prior(normal(0, 50), class = sigma)),

data = df_eeg_data)
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fit_N400_np

## Family: gaussian
## Links: mu = identity; sigma = identity
## Formula: n400 ~ 0 + factor(subject) + c_cloze:factor(subject)
## Data: df_eeg_data (Number of observations: 2827)
## Samples: 4 chains, each with iter = 2000; warmup = 1000; thin = 1;
## total post-warmup samples = 4000
##
## Population-Level Effects:
## Estimate Est.Error
## factorsubjectedin1 5.35 1.35
## factorsubjectedin10 2.72 1.43
## factorsubjectedin11 2.71 1.33
## factorsubjectedin12 7.61 1.30
## factorsubjectedin13 1.30 1.31
## factorsubjectedin14 -0.07 1.35
## factorsubjectedin15 1.20 1.31
## factorsubjectedin16 5.59 1.33
## factorsubjectedin17 2.54 1.28
## factorsubjectedin18 2.52 1.31
## factorsubjectedin19 5.52 1.36
## factorsubjectedin2 3.38 1.36
## factorsubjectedin20 2.61 1.26
## factorsubjectedin21 -0.53 1.34
## factorsubjectedin23 2.84 1.32
## factorsubjectedin24 -0.13 1.38
## factorsubjectedin25 6.29 1.42
## factorsubjectedin26 1.34 1.39
## factorsubjectedin27 7.65 1.30
## factorsubjectedin28 6.27 1.30
## factorsubjectedin3 1.85 1.35
## factorsubjectedin30 1.66 1.29
## factorsubjectedin31 5.61 1.26
## factorsubjectedin32 4.18 1.31
## factorsubjectedin33 2.55 1.36
## factorsubjectedin34 0.78 1.37
## factorsubjectedin36 0.38 1.32
## factorsubjectedin37 0.99 1.32
## factorsubjectedin38 3.48 1.29
## factorsubjectedin39 6.10 1.35
## factorsubjectedin4 7.64 1.30
## factorsubjectedin40 4.03 1.32
## factorsubjectedin5 8.12 1.30
## factorsubjectedin6 6.34 1.28
## factorsubjectedin7 5.29 1.26
## factorsubjectedin8 2.23 1.36
## factorsubjectedin9 4.97 1.38
## factorsubjectedin1:c_cloze -1.63 2.93
## factorsubjectedin10:c_cloze -2.23 3.39
## factorsubjectedin11:c_cloze -0.39 3.36
## factorsubjectedin12:c_cloze 2.86 3.12
## factorsubjectedin13:c_cloze -1.10 2.91
## factorsubjectedin14:c_cloze 7.73 3.03
## factorsubjectedin15:c_cloze -1.47 3.17
## factorsubjectedin16:c_cloze 7.50 3.35
## factorsubjectedin17:c_cloze -0.86 2.93
## factorsubjectedin18:c_cloze 4.88 3.02
## factorsubjectedin19:c_cloze 2.96 3.08
## factorsubjectedin2:c_cloze 1.14 3.02
## factorsubjectedin20:c_cloze 3.65 3.19
## factorsubjectedin21:c_cloze -2.08 3.02
## factorsubjectedin23:c_cloze 4.41 3.22
## factorsubjectedin24:c_cloze -1.60 3.23
## factorsubjectedin25:c_cloze 2.28 3.21
## factorsubjectedin26:c_cloze 2.91 3.18
## factorsubjectedin27:c_cloze 2.63 3.02
## factorsubjectedin28:c_cloze -1.58 3.20
## factorsubjectedin3:c_cloze 6.53 3.26
## factorsubjectedin30:c_cloze -0.87 3.02
## factorsubjectedin31:c_cloze 2.63 3.18
## factorsubjectedin32:c_cloze 5.00 3.18
## factorsubjectedin33:c_cloze -3.32 3.01
## factorsubjectedin34:c_cloze 0.37 3.16
## factorsubjectedin36:c_cloze 0.13 3.20
## factorsubjectedin37:c_cloze 6.61 3.05
## factorsubjectedin38:c_cloze 2.07 2.94
## factorsubjectedin39:c_cloze 5.75 3.26
## factorsubjectedin4:c_cloze 2.72 3.22
## factorsubjectedin40:c_cloze 1.53 3.15
## factorsubjectedin5:c_cloze 0.08 2.91
## factorsubjectedin6:c_cloze -0.14 2.97
## factorsubjectedin7:c_cloze 9.04 3.25
## factorsubjectedin8:c_cloze 7.27 3.29
## factorsubjectedin9:c_cloze 5.33 3.03
## l-95% CI u-95% CI Rhat
## factorsubjectedin1 2.76 8.07 1.00
## factorsubjectedin10 -0.08 5.61 1.00
## factorsubjectedin11 0.06 5.28 1.00
## factorsubjectedin12 5.06 10.09 1.00
## factorsubjectedin13 -1.32 3.86 1.00
## factorsubjectedin14 -2.69 2.60 1.00
## factorsubjectedin15 -1.37 3.80 1.00
## factorsubjectedin16 3.03 8.20 1.00
## factorsubjectedin17 0.06 4.99 1.00
## factorsubjectedin18 -0.09 5.06 1.00
## factorsubjectedin19 2.83 8.12 1.00
## factorsubjectedin2 0.65 6.06 1.00
## factorsubjectedin20 0.16 5.15 1.00
## factorsubjectedin21 -3.16 2.10 1.00
## factorsubjectedin23 0.27 5.36 1.00
## factorsubjectedin24 -2.84 2.57 1.00
## factorsubjectedin25 3.49 9.03 1.00
## factorsubjectedin26 -1.40 4.07 1.00
## factorsubjectedin27 5.18 10.21 1.00
## factorsubjectedin28 3.74 8.85 1.00
## factorsubjectedin3 -0.82 4.39 1.00
## factorsubjectedin30 -0.83 4.21 1.00
## factorsubjectedin31 3.18 8.07 1.00
## factorsubjectedin32 1.63 6.74 1.00
## factorsubjectedin33 -0.11 5.27 1.00
## factorsubjectedin34 -1.90 3.41 1.00
## factorsubjectedin36 -2.15 2.98 1.00
## factorsubjectedin37 -1.58 3.52 1.00
## factorsubjectedin38 0.87 6.01 1.00
## factorsubjectedin39 3.42 8.74 1.00
## factorsubjectedin4 5.13 10.21 1.00
## factorsubjectedin40 1.44 6.62 1.00
## factorsubjectedin5 5.62 10.69 1.00
## factorsubjectedin6 3.82 8.82 1.00
## factorsubjectedin7 2.77 7.77 1.00
## factorsubjectedin8 -0.47 4.88 1.00
## factorsubjectedin9 2.31 7.69 1.00
## factorsubjectedin1:c_cloze -7.62 4.08 1.00
## factorsubjectedin10:c_cloze -8.75 4.51 1.00
## factorsubjectedin11:c_cloze -6.86 6.17 1.00
## factorsubjectedin12:c_cloze -3.36 8.89 1.00
## factorsubjectedin13:c_cloze -6.75 4.70 1.00
## factorsubjectedin14:c_cloze 1.71 13.27 1.00
## factorsubjectedin15:c_cloze -7.71 4.90 1.00
## factorsubjectedin16:c_cloze 0.92 14.19 1.00
## factorsubjectedin17:c_cloze -6.65 4.87 1.00
## factorsubjectedin18:c_cloze -0.99 10.74 1.00
## factorsubjectedin19:c_cloze -3.18 9.05 1.00
## factorsubjectedin2:c_cloze -4.72 7.04 1.00
## factorsubjectedin20:c_cloze -2.65 9.93 1.00
## factorsubjectedin21:c_cloze -8.09 3.85 1.00
## factorsubjectedin23:c_cloze -2.01 10.75 1.00
## factorsubjectedin24:c_cloze -7.97 4.74 1.00
## factorsubjectedin25:c_cloze -4.03 8.48 1.00
## factorsubjectedin26:c_cloze -3.16 9.20 1.00
## factorsubjectedin27:c_cloze -3.35 8.52 1.00
## factorsubjectedin28:c_cloze -7.98 4.51 1.00
## factorsubjectedin3:c_cloze 0.14 12.96 1.00
## factorsubjectedin30:c_cloze -6.74 5.16 1.00
## factorsubjectedin31:c_cloze -3.70 8.83 1.00
## factorsubjectedin32:c_cloze -1.31 11.00 1.00
## factorsubjectedin33:c_cloze -9.35 2.53 1.00
## factorsubjectedin34:c_cloze -5.68 6.63 1.00
## factorsubjectedin36:c_cloze -6.11 6.27 1.00
## factorsubjectedin37:c_cloze 0.72 12.75 1.00
## factorsubjectedin38:c_cloze -3.69 7.90 1.00
## factorsubjectedin39:c_cloze -0.69 12.12 1.00
## factorsubjectedin4:c_cloze -3.76 9.07 1.00
## factorsubjectedin40:c_cloze -4.58 7.70 1.00
## factorsubjectedin5:c_cloze -5.47 5.72 1.00
## factorsubjectedin6:c_cloze -6.01 5.70 1.00
## factorsubjectedin7:c_cloze 2.82 15.34 1.00
## factorsubjectedin8:c_cloze 1.01 13.68 1.00
## factorsubjectedin9:c_cloze -0.76 11.33 1.00
## Bulk_ESS Tail_ESS
## factorsubjectedin1 5970 2900
## factorsubjectedin10 5934 2583
## factorsubjectedin11 6624 2612
## factorsubjectedin12 4962 2774
## factorsubjectedin13 6384 3034
## factorsubjectedin14 6755 2603
## factorsubjectedin15 5564 2780
## factorsubjectedin16 6426 2992
## factorsubjectedin17 5556 3159
## factorsubjectedin18 6865 2945
## factorsubjectedin19 5495 3062
## factorsubjectedin2 7682 2866
## factorsubjectedin20 5966 2827
## factorsubjectedin21 7364 2833
## factorsubjectedin23 6510 2910
## factorsubjectedin24 6134 2521
## factorsubjectedin25 6139 3005
## factorsubjectedin26 5887 2809
## factorsubjectedin27 6173 3057
## factorsubjectedin28 6351 2772
## factorsubjectedin3 6060 2819
## factorsubjectedin30 6568 3158
## factorsubjectedin31 5738 2905
## factorsubjectedin32 5711 3018
## factorsubjectedin33 5888 2835
## factorsubjectedin34 6101 3083
## factorsubjectedin36 6109 2952
## factorsubjectedin37 5831 3003
## factorsubjectedin38 6133 2958
## factorsubjectedin39 6169 3080
## factorsubjectedin4 5341 2708
## factorsubjectedin40 5094 2885
## factorsubjectedin5 5261 2682
## factorsubjectedin6 6131 2554
## factorsubjectedin7 4806 3085
## factorsubjectedin8 6102 2784
## factorsubjectedin9 5893 3001
## factorsubjectedin1:c_cloze 5715 2456
## factorsubjectedin10:c_cloze 5902 3155
## factorsubjectedin11:c_cloze 5492 2860
## factorsubjectedin12:c_cloze 6251 2941
## factorsubjectedin13:c_cloze 5923 3116
## factorsubjectedin14:c_cloze 5236 2910
## factorsubjectedin15:c_cloze 5006 2957
## factorsubjectedin16:c_cloze 5380 2677
## factorsubjectedin17:c_cloze 6266 2861
## factorsubjectedin18:c_cloze 5844 2872
## factorsubjectedin19:c_cloze 5005 3322
## factorsubjectedin2:c_cloze 5796 2903
## factorsubjectedin20:c_cloze 5542 2639
## factorsubjectedin21:c_cloze 5719 2966
## factorsubjectedin23:c_cloze 5704 2908
## factorsubjectedin24:c_cloze 5652 3144
## factorsubjectedin25:c_cloze 5181 2928
## factorsubjectedin26:c_cloze 5431 2844
## factorsubjectedin27:c_cloze 5314 2867
## factorsubjectedin28:c_cloze 6456 2653
## factorsubjectedin3:c_cloze 5626 2687
## factorsubjectedin30:c_cloze 6810 2960
## factorsubjectedin31:c_cloze 6804 2975
## factorsubjectedin32:c_cloze 4971 2652
## factorsubjectedin33:c_cloze 5542 2990
## factorsubjectedin34:c_cloze 6160 2922
## factorsubjectedin36:c_cloze 5919 2791
## factorsubjectedin37:c_cloze 6684 2913
## factorsubjectedin38:c_cloze 5409 3266
## factorsubjectedin39:c_cloze 5782 3047
## factorsubjectedin4:c_cloze 6225 2810
## factorsubjectedin40:c_cloze 5618 2651
## factorsubjectedin5:c_cloze 5987 3145
## factorsubjectedin6:c_cloze 6113 3152
## factorsubjectedin7:c_cloze 5740 3130
## factorsubjectedin8:c_cloze 6492 3189
## factorsubjectedin9:c_cloze 5548 3145
##
## Family Specific Parameters:
## Estimate Est.Error l-95% CI u-95% CI Rhat
## sigma 11.63 0.15 11.33 11.93 1.00
## Bulk_ESS Tail_ESS
## sigma 6026 3173
##
## Samples were drawn using sampling(NUTS). For each parameter, Bulk_ESS
## and Tail_ESS are effective sample size measures, and Rhat is the potential
## scale reduction factor on split chains (at convergence, Rhat = 1).
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We plot the estimates using bayesplot.

# I first peek at the internal names of the parameters.
# parnames(fit_N400_np)
ind_effects_np <- paste0(

"b_factorsubject",
unique(df_eeg_data$subject), ":c_cloze"

)
mcmc_intervals(fit_N400_np,

pars = ind_effects_np,
prob = 0.8,
prob_outer = 0.95,
point_est = "mean"

)
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We can then calculate the average of the 𝛽’s, even though the model
doesn’t assume that there’s one common 𝛽:
average_beta_across_subj <-

posterior_samples(fit_N400_np,
pars = ind_effects_np) %>%

rowMeans()
c(mean=mean(average_beta_across_subj),

quantile(average_beta_across_subj,
c(.025,.975)))

## mean 2.5% 98%
## 2.2 1.2 3.2
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Varying intercept and varying slopes model (𝑀𝑣)

• Model 𝑀𝑣 assumptions:

1. EEG averages for the N400 spatio-temporal window are normally
distributed.

2. Each subject deviates to some extent (this is made precise below)
from the grand mean and from the mean effect of predictability.

3. There is a linear relationship between cloze and the EEG average for
the trial.
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• Likelihood:

𝑠𝑖𝑔𝑛𝑎𝑙𝑛 ∼ 𝑁𝑜𝑟𝑚𝑎𝑙(𝛼 + 𝑢0,𝑖[𝑛] + 𝑐_𝑐𝑙𝑜𝑧𝑒𝑛 ⋅ (𝛽 + 𝑢1,𝑖[𝑛]), 𝜎) (5)

• Prior:

𝛼 ∼ 𝑁𝑜𝑟𝑚𝑎𝑙(0, 10)
𝛽 ∼ 𝑁𝑜𝑟𝑚𝑎𝑙(0, 10)

𝑢0 ∼ 𝑁𝑜𝑟𝑚𝑎𝑙(0, 𝜏𝑢0
)

𝑢1 ∼ 𝑁𝑜𝑟𝑚𝑎𝑙(0, 𝜏𝑢1
)

𝜏𝑢0
∼ 𝑁𝑜𝑟𝑚𝑎𝑙+(0, 20)

𝜏𝑢1
∼ 𝑁𝑜𝑟𝑚𝑎𝑙+(0, 20)

𝜎 ∼ 𝑁𝑜𝑟𝑚𝑎𝑙+(0, 50)

(6)
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Some important (and sometimes confusing) points:

• Why does 𝑢 have a mean of 0?

Because we want 𝑢 to capture only differences between subjects, we
could achieve the same by assuming that

𝜇𝑛 = 𝛼𝑖[𝑛] + 𝛽𝑖[𝑛] ⋅ 𝑐_𝑐𝑙𝑜𝑧𝑒𝑛and
𝛼𝑖 ∼ 𝑁𝑜𝑟𝑚𝑎𝑙(𝛼, 𝜏𝑢0

)
𝛼 ∼ 𝑁𝑜𝑟𝑚𝑎𝑙(0, 10)
𝛽𝑖 ∼ 𝑁𝑜𝑟𝑚𝑎𝑙(𝛽, 𝜏𝑢1

)
𝛽 ∼ 𝑁𝑜𝑟𝑚𝑎𝑙(0, 10)

(7)

And in fact, that’s another common way to write the model.
22



• Why do the adjustments 𝑢 have a normal distribution?

Mostly because of “convention”, that’s the way it’s implemented in most
frequentist mixed models.

But also because if we don’t know anything about the distribution
besides its mean and variance, the normal distribution is the most
conservative assumption (see also chapter 9 of McElreath 2015).
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Let’s see how we need to set up the priors:
get_prior(n400 ~ c_cloze + (c_cloze || subject), data = df_eeg_data)

## prior class coef group resp
## 1 b
## 2 b c_cloze
## 3 student_t(3, 4, 11) Intercept
## 4 student_t(3, 0, 11) sd
## 5 sd subject
## 6 sd c_cloze subject
## 7 sd Intercept subject
## 8 student_t(3, 0, 11) sigma
## dpar nlpar bound
## 1
## 2
## 3
## 4
## 5
## 6
## 7
## 8 24



fit_N400_v <- brm(n400 ~ c_cloze + (c_cloze || subject),
prior =

c(prior(normal(0, 10), class = Intercept),
prior(normal(0, 10), class = b, coef = c_cloze),
prior(normal(0, 50), class = sigma),
prior(normal(0, 20), class = sd, coef = Intercept,

group = subject),
prior(normal(0, 20), class = sd, coef = c_cloze,

group = subject)
),

data = df_eeg_data)
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fit_N400_v

## Family: gaussian
## Links: mu = identity; sigma = identity
## Formula: n400 ~ c_cloze + (c_cloze || subject)
## Data: df_eeg_data (Number of observations: 2827)
## Samples: 4 chains, each with iter = 2000; warmup = 1000; thin = 1;
## total post-warmup samples = 4000
##
## Group-Level Effects:
## ~subject (Number of levels: 37)
## Estimate Est.Error l-95% CI u-95% CI
## sd(Intercept) 2.20 0.37 1.56 3.01
## sd(c_cloze) 1.56 0.90 0.08 3.42
## Rhat Bulk_ESS Tail_ESS
## sd(Intercept) 1.00 1392 1893
## sd(c_cloze) 1.00 1130 1437
##
## Population-Level Effects:
## Estimate Est.Error l-95% CI u-95% CI Rhat
## Intercept 3.65 0.42 2.80 4.48 1.00
## c_cloze 2.32 0.62 1.07 3.58 1.00
## Bulk_ESS Tail_ESS
## Intercept 1298 1755
## c_cloze 3809 2735
##
## Family Specific Parameters:
## Estimate Est.Error l-95% CI u-95% CI Rhat
## sigma 11.64 0.16 11.33 11.96 1.00
## Bulk_ESS Tail_ESS
## sigma 5129 2816
##
## Samples were drawn using sampling(NUTS). For each parameter, Bulk_ESS
## and Tail_ESS are effective sample size measures, and Rhat is the potential
## scale reduction factor on split chains (at convergence, Rhat = 1).
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plot(fit_N400_v, N = 6)
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Individual effects

# parnames(m_N400_v)
ind_effects_v <- paste0("r_subject[", unique(eeg_data$subject), ",c_cloze]")
mcmc_intervals(fit_N400_v,

pars = ind_effects_v,
prob = 0.8,
prob_outer = 0.95,
point_est = "mean"

)
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Shrinkage
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Correlated varying intercept varying slopes model (𝑀ℎ)

• In 𝑀ℎ, we model the EEG data with the following assumptions:

1. EEG averages for the N400 spatio-temporal window are normally
distributed.

2. Some aspects of the signal voltage and the effect of predictability on
the signal depend on the participant, and these two might be
correlated, i.e., we assume random intercept, slope and correlation
by-subject.

3. There is a linear relationship between cloze and the EEG average for
the trial.
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• Likelihood:

𝑠𝑖𝑔𝑛𝑎𝑙𝑛 ∼ 𝑁𝑜𝑟𝑚𝑎𝑙(𝛼 + 𝑢𝑖[𝑛],0 + 𝑐_𝑐𝑙𝑜𝑧𝑒𝑛 ⋅ (𝛽 + 𝑢𝑖[𝑛],1), 𝜎) (8)

We need to have priors on the adjustments for intercept and slopes, 𝑢,0−1.

• Priors:
𝛼 ∼ 𝑁𝑜𝑟𝑚𝑎𝑙(0, 10)
𝛽 ∼ 𝑁𝑜𝑟𝑚𝑎𝑙(0, 10)
𝜎 ∼ 𝑁𝑜𝑟𝑚𝑎𝑙+(0, 50)

(𝑢𝑖,0
𝑢𝑖,1

) ∼ 𝒩 ((0
0), Σ𝑢)

(9)
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Σ𝑢 = ( 𝜏2
𝑢0

𝜌𝑢𝜏𝑢0
𝜏𝑢1

𝜌𝑢𝜏𝑢0
𝜏𝑢1

𝜏2
𝑢1

) (10)
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And now we need priors for the 𝜏𝑢s and for 𝜌𝑢:

𝜏𝑢0
∼ 𝑁𝑜𝑟𝑚𝑎𝑙+(0, 20)

𝜏𝑢1
∼ 𝑁𝑜𝑟𝑚𝑎𝑙+(0, 20)

𝜌𝑢 ∼ 𝐿𝐾𝐽𝑐𝑜𝑟𝑟(2)
(11)
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Figure 3: Visualization of the LKJ prior with four different values of the 𝜂 parameter.
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Let’s see how we need to set up the priors:
get_prior(n400 ~ c_cloze + (c_cloze | subject), data = df_eeg_data)

## prior class coef group
## 1 b
## 2 b c_cloze
## 3 lkj(1) cor
## 4 cor subject
## 5 student_t(3, 4, 11) Intercept
## 6 student_t(3, 0, 11) sd
## 7 sd subject
## 8 sd c_cloze subject
## 9 sd Intercept subject
## 10 student_t(3, 0, 11) sigma
## resp dpar nlpar bound
## 1
## 2
## 3
## 4
## 5
## 6
## 7
## 8
## 9
## 10
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Fitting the model

fit_N400_h <- brm(n400 ~ c_cloze + (c_cloze | subject),
prior =

c(prior(normal(0, 10), class = Intercept),
prior(normal(0, 10), class = b, coef = c_cloze),
prior(normal(0, 50), class = sigma),
prior(normal(0, 20), class = sd, coef = Intercept,

group = subject),
prior(normal(0, 20), class = sd, coef = c_cloze,

group = subject),
prior(lkj(2), class = cor,

group= subject)),
data = df_eeg_data)
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fit_N400_h

## Family: gaussian
## Links: mu = identity; sigma = identity
## Formula: n400 ~ c_cloze + (c_cloze | subject)
## Data: df_eeg_data (Number of observations: 2827)
## Samples: 4 chains, each with iter = 2000; warmup = 1000; thin = 1;
## total post-warmup samples = 4000
##
## Group-Level Effects:
## ~subject (Number of levels: 37)
## Estimate Est.Error l-95% CI
## sd(Intercept) 2.22 0.36 1.57
## sd(c_cloze) 1.46 0.90 0.08
## cor(Intercept,c_cloze) 0.17 0.36 -0.60
## u-95% CI Rhat Bulk_ESS Tail_ESS
## sd(Intercept) 2.97 1.00 1418 2688
## sd(c_cloze) 3.36 1.00 1128 1724
## cor(Intercept,c_cloze) 0.79 1.00 3602 2786
##
## Population-Level Effects:
## Estimate Est.Error l-95% CI u-95% CI Rhat
## Intercept 3.62 0.44 2.77 4.47 1.00
## c_cloze 2.34 0.60 1.17 3.53 1.00
## Bulk_ESS Tail_ESS
## Intercept 1724 2353
## c_cloze 3725 2671
##
## Family Specific Parameters:
## Estimate Est.Error l-95% CI u-95% CI Rhat
## sigma 11.64 0.15 11.34 11.94 1.00
## Bulk_ESS Tail_ESS
## sigma 6972 3334
##
## Samples were drawn using sampling(NUTS). For each parameter, Bulk_ESS
## and Tail_ESS are effective sample size measures, and Rhat is the potential
## scale reduction factor on split chains (at convergence, Rhat = 1).
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plot(fit_N400_h, N = 6)
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Why should we take the trouble of fitting a Bayesian hierarchical
model?

• We can better characterize the generative process by adding the
relevant clusters in our data (participants, items, maybe labs, etc)

• The same approach we used here can be used to extend any
parameter of any model:
• (generalized) linear models
• non-linear/cognitive models
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How much structure should we add to our statistical models?

The level of complexity depends on
1. the answers we are looking for
2. the size of the data at hand
3. our computing power
4. our domain and experimental knowledge.

“Simplification is essential, but it comes at a cost, and real un-
derstanding depends in part on understanding the effects of the
simplification” McClelland (2009)
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