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Do not apply simle GLMs

to time-series (I1S) data!

However, hierarchical Bayesian
models are

still effective to TS data



(Bad model 1) fit GLM to TS
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(Bad model 2) TS Yy ~ TS X

so called
“spurious regression”
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http://www.slideshare.net/takehikoihayashi/ss-13441401

Statistical modeling
for time series (TS) data

* Do NOT fit GLM to TS data
A basic component: Random walk (RW)
model
* RW + GLM — State Space Model (SSM)
KREZE™EETIL
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simple GLM: A bad model

for time-series (TS) data
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Suppose that you have a time-series data
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Is GLM an adequate statistical model?

) [' glm(y ~ t)
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50 52 54 56 58

Jathol bl Ll VAV /il B W RKEEREE ?7?
Significant 77?7 No!
S| > summary(glm(formula =y ~ t))
oo /‘.'-./ Deviance Residuals:
R Min 1Q  Median 3Q Max
. -2.1295 -1.0583 -0.081/ 0.9860 2.0188
1990 2000 2919 Coefficients:
Estimate Std. Error t value Pr(>|t])
(Intercept) -414.5655 7/1.47617 -5.80 6.6e-006
t 0.2339 0.0357 6.55 1.7e-06
. -+ o 0=x
A bad modeling: glm(BFRAUIY ~ K& t)
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GIM Dan.

conditionally independent
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Time series model as

Random walk (&LA
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non-stationary

Depending on
previous data
point
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temporal auto-correlation

function (ACF)

(E&Fn: B SAHRE, BSREAERES)
xRS L\0D?

COV(?Jta yt—k)

Pk

N \/Var(yt) - Var(y;_1)




R D ts D> X: IE%?U%E@’JD\:)
plot(ts(Y))
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plot(ts(Y)) W

plot(acf(ts(Y)));o

aam@ﬁgiﬂhl _____________________________

2019-08-05

H CHBE D

St ESTY VAP 2018 (h) 1 18 17953



R E CSERE
WD ERICTZEDDITTIEILL?

- COV(yt7 yt—k)
Pk =
v/ Var(y;) - Var(y; 1)
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plot(ts(Y))
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plot(acf(ts(Y)))
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The State-space model,
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a unified time-series model
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State space model for 1S data,
a hiererachical Bayesian model!

All Data

data (t = 1) data (t = §
ol (s = 2)/ global
/ \5 parameters

N _
W, vy 0y SO REEZERIE L
time-change

local parameters
(for each time point)
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missing data and
heterogenious time-point

Use state-space model !
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Use State-Space Model!

NESE ST Dol
[RFTDT— SN ?

An example:

a data set of time series
data: “Is it global warming?”
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http://www.data.jma.go.jp/cpdinfo/temp/an_wld.html

SURT D

REZ{OIER (RLYR) OmS

B () (FrgEh o+ 50 BIAEED AR ) (SERSEEYY)
( ZHARAD PR P k)
TR (SEEETYY) (D - BHETE) R (R (B ED{E) ? Yj
o ot
X &
ol o ?*..: ‘bl:lﬂ
% o TelRTNY 4
:,'. .-'il"l’ o)
E:.‘* 249 e
1.5 T —
Lo | Buk=0.25 (C/10%)
~ 0.5}
o
= gugl
i
e -0.5}F
0
a2 -Lo}
£ Sl
g 20}
S 2.5}
§ 30 .
EL ]
1870 1880 1890 1900 1910 1920 1930 1940 1950 1960 1970 1980 1990 2000 2010 31/53
2019-08-05 s


http://www.data.jma.go.jp/cpdinfo/temp/trend.html

Global warming data
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GLM: 1s 1t O0K? too small p-value!

> summary(glm(GL ~ year, data = d))

Coefficients:
Estimate Std. Error t value Pr(>|t])
(Intercept) -1.41e+01 6.21le-01 -22.6  <2e-16

year 7.03e-03 3.18e-04 22.1 <2e-16
| BEEEzoMmEE D= S, e
) 2—$ﬁb?F§%ﬁﬁJEﬁmo '
1004 s
Hlzh ol
0.70°C I
a 19|00 | 19|4O | 19|80 33/53
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> summary(glm(GL ~ year, data = d))

Coefficients:

Estimate Std. Error t value Pr(>|t])
(Intercept) -1.41e+01 6.21e-01 -22.6 <2e-16
year 7.03e-03 3.18e-04 22.1 <2e-16

100%
B0 .-
0.70°C sl

I I I I I
1900 1940 1980 34/53
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Apply State Space Model (SSM)!
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SSM: Random walk + noise + trend
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SSM reveals “uncertainness

in global warming”
> summary(glm(GL ~ year, data = d))

Coefficients:
Estimate Std. Error t value Pr(>|t])
(Intercept) -1.41e+01 6.21le-01 -22.6  <2e-16

year 7.03e-03 3.18e-04 22.1 <2e-16
~ | SSM
S +0.84°C / 100 year
+0.70°C >
/ 100 year o | 95% posterior
¥ | distribution includes
” !
_ zero! Al
10.02 .0.01 0.00 0.01 370502
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Spurious regression

[KFR5E S L DERE

time series Y ~ time series X




TS modeling: NOT to do ...

- GLM: Y(t) ~ t and Y(t) ~ X(t)
- combilne measurements
* residual analysis

. and so on ...
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r%'@fb\(j@@'ﬁlj Spurious regression

@3 spurious_regression.R % =] Environment History L
|SourceonSave | Q /- 5] E#Aun | B | [ Source - Wopee | piots Packages Help Viewer =
1 X <- cumsum(rnorm(100)) pe 2 Zoom | Heport- | 9] | f | @ . Publis
2 y <- cumsum(rnorm(100))
3 plot(ts(x), col = "blue", ylim = range(x, y))
4 lines(ts(y), col = "red")
5 print(summary(glm(y ~ x))Scoefficients)
E ] B
|'l N III
Aon
m’I\J\/“
o IlI II_
= g \l
.' I
e f \
5:40 (Top Level) + R Script = = & \/\ f.\
Console ~/ =0 f
> plot(ts(x), col = "blue", ylim = range(x, y)) VV \
llrI
> lines(ts(y), col = "red") ° /
: s Af 'N-I'I "\‘-/I
> print(summary(glm(y ~ x))Scoefficients) W
Estimate Std. Error t value Pr(>|t]) | I T I T 1
(Intercept) -1.67120 0.90288 -1.8510 6.7186e-02 0 20 40 60 80 100
X 0.64551 0.10803 5.9753 3.7127e-08 )
| | | Time

S5&D2ERITEEREUTCHITT
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Spurious regression

How about fitting
state-space model to estimate

correlations betwee two set of TS
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apply bivariate state-space models
including variance-covariance matrix
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bivariate state space model
estimates the posterior of

variance and covariance matrix
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MCMC parameter estimation

Hierarchical model written
1n JAGS
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model
{
Tau.Noninformative <- 0.0001
Y[1] ~ dnorm(y[1l], taul[2])
y[1l] ~ dnorm(0, Tau.Noninformative)
for (t 1n 2:N.Y) {
Y[t] ~ dnorm(y[t], tau[2])
y[t] ~ dnorm(m[t], tau[l])
mit] <- delta + y[t - 1]

}

delta ~ dnorm(0, Tau.Noninformative)
for (k 1n 1:2) {

tau[k] <- 1 / (s[k]l * s[k])

s[k] ~ dunif (0, 10000)
}

} 2019-08-05 HTET U S AF 2019 (h)
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Apply hierarchical models
to time-series (TS) datal
1.e. State Space Models
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Hierarchical Model 1s powerful!

While GLM can not model TS data,
Hierearchical model 1s effectivel

All data

data t = 3
SEIENS S Global
/ M parameters
TS trends

W Y Yy oy, SO

TS variance

local parameters
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How do you fit TS model to data?
R packages to estimate

parameters 1n stat-space models
library(dim)

Library(KFAS)

Also we have more powerful

models to analyze TS data...
2019-08-05 HETETY VST AR 2019 (h) 50/53
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take-out message
Modeling time series data can be a
hierarchical modeling

GLM DFN.
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The End: have a nice statistical modeling!

The Evolution of Linear Models

Parameter
Estimation

Hierarchical Bayesian Model MCMC

/Kt\- (HBM)
Generalized Linear Mixed Model
(GLMM)
/t:\_ Generalized e

T — S EENTE Linear Model (GLM)
[EERT XEFTILT ! MSE
Linear Model
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