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The main language of this class 1s
Japanese -+ Sorry

e Wlhy 1n Japanese? -+ because even 1n Japanese,
statistics 1s difficult for Japanese students to

understand.
] will compensate for language disadvantages
1n foreign students when I give grades.

* Questions 1in English are always welcomed!
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W

Performance Rating

*E-mail assignment
eThat's ALL!

Attendance? NOT care.

subject: kubostat

to: kubo@ees.hokudai.ac.jp
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What for Statistical
Modeling?
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*No “Blackbox” statistics!
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*Don't blindly believe “Significance” |
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e Understand how to fit statistical models

to your data = —HI(CH TCIIHSNDHE

ETFILEES D

*Use the statistical software

show your data structure
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What? statistical modeling?
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GLM and extended GLMs!

a better statistica model for better
data analysis!

The Evolution of Linear Models

Parameter
Estimation

—— Hierarchical Bayesian Model MCMC
/‘:\- (HBM)
T — T DD D : : -
e Generalized Linear Mixed Model
‘ (GLMM)
—BiERBET N - BEAL L2 70 - MCMC . MLE
Generalized
AR Linear Model (GLM)
MSE
Linear Model
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Don't use the normal distribution
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probability distribution and maximum likelihood estimation
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number of seeds per plant individual start with data plotting, always
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Simplified examples to learn statistical modeling
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How to fit the distribution to the observation?

Maximum likelihood estimation!
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Poisson regression, a generalized linear model (GLM)
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model selection and statistical test
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statistical model selection
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model selection for better predictions
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fallacy of statistical significance?
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GLM logistic regression
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Use logistic regressions!
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Generalized Linear Mixed Model (GLMM)
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A solution: Hierarchical Bayesian GLM
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data i1n the field of Ecology!
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fgE X4 XE7 )L Hierarchical Bayesian Model
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A long trailer, done

any questions?
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