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Posterior predictive checking
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e theoretically possible to set up and fit a “su-
per model” including all possibly true models

— but computationally infeasible

— and really conceptually mmpossible

e instead we fit a feasible number of models
and examine the posterior distributions that

result
— cast models as broadly as possible
— fadl to fit reality?

— sensitive to arbitrary specifications?

e poal: assess fit of model to
— data
— our substantive knowledg
o must check effects of
— prior
— likelihood specfication
— hierarchical structure
— any other application-specific 1ssues

# c.g. which predictor vanables
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Principles and methods of model-checking

¢ “do the model’s deficiencies have a noticeable

cffect on substantive imferences™

e how to judge when assumptions of conve-

nience can be made safely
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Using the posterior distribution to check Using the posterior predictive distribu-
a statistical model tion to check a statistical model
e compare posterior distribution of parameters e recall:
to — posterior: conditional on observed data v
— substantive knowledge — predictive: prediction of an observable but
— other data unobserved y

e compare posterior predictive distribution of

future observations to substantive knowledge plily) = [p(7,0]y)do
—e.g: compare election predictions from a (5|6, y)p(@|y)do
model to substantive knowledge [ pl4|)p(0)y)de
e compare posterior predictive distnibtuion of B TR T T R RIS K My L LR
future observations to the data that have ac- ally independent of old data given model
tnally ocourred parameters
T &
Checking a model by comparing the Procedure to draw a “replicated dataset”
data that we have to the posterior pre- from posterior predictive distribution

dictive distribution
® notation

e cnables checking fit of model without any e
s " - L 14

more substantive knowledge than 1s In ex- : :
S =i b — " P a complete simulated dataset
isting data and model

_ _ ‘ # same number of observations as in y
e do datasets simulated from the model we fit

ok ke the roal date in wis slovant £  same values of explanatory vanables (if
r - e L L k L

| , any )
our inference? . - :
* response variables simulated from pos-
e requires drawing “replicated data” terior predictive distribution

— & vector of all unknown model parame-
ters, including parameters of upper stage
priors if model 15 hierarchical



e Step 1: draw 8% from p(f|y)
1.c. from posterior distribution of @

e Step 20 draw ¢™F from p(y™°F|67

e repeat steps 1 and 2 a large number of times
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Using the test quantities: posterior pre-
dictive p-values
e compute Ty, #) for the real data y

o compute Ty, 07F) for cach simulated repli-
cate dataset

e compute the proportion of the replicated datasets

for which T'(y"™F,8) = Ty, #)
e this 1s an approximation to the Bayes p-value

ymp ﬂ:] Ao dyrﬁp

[ L yrer 0y =1 (y, 00120 )P

e that 15, Bayes pvalue s Pr(T(y™F,0) =
T'(y, #)) with the probability taken over the

joint. posterior distribution of @ and ¢™P

Discrepancy measures or test guanti-
ties for posterior predictive checks

e intended to measure discrepancy between model
and real data

o 'y, @): scalar summary of data (and pos-
sibly parameters) used as a standard when
comparing real data to data simulated from
posterior predictive distribution

e choose one or more test quantities that are

meaningful with respect to your rescarch pur-
pose
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Evaluating outliers in Newcomb’s speed
of light data

e from GUSR texthook

e 66 measurements of speed of hght; two low
onthers

e what we want to evaluate: s normal density
ok for likelihood?
o defined Ty, #) as main(y;)

— to check whether data with such extrome
outhers could reasonably have come from
a normal model



