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Do not apply simle GLMs

to time-series (IS) 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)
IRREZERET )L
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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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1990

A bad modeling:

2018-07-09

[oofz—rp—L\C] v 77
Significant 777 No!
> summary(glm(formula =y ~ t))
Deviance Residuals:
Min 1Q  Median 3Q Max
-2.1295 -1.0583 -0.0817 0.9860 2.0188

I I . .
2010 (Coefficients:

Estimate Std. Error t value Pr(>|t])
(Intercept) -414.5655 7/1.4767 -5.80 06.6e-06
t 0.2339 0.0357 6.55 1.7e-06

glm(BFRFY ~ KR t)
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GLM DIFN

conditionally independent
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gRAME
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See time auto-correlation!
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Time series model as

Random walk (&LZ
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non-stationary

Depending on
previous data
point
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temporal auto-correlation

function (ACF)

(B8¥FN: B 248E8, BSREAEES)
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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
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or = COV(?]ta yt—k)
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,

~

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
/ \6 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

[URTD-

SERZSUIER (AL YR) DRSS

B () (FrgEi oM+ 50 BAAEED IR () (SERRENTELYD)
{ AR PO PE A b)
TR E) (SEREFY) (FZ D B aE R ) (FEDE) ? Yj
o ph‘é Nl
L 3 ' &
WWM\WWV\ oy 227 PN R AR
Te ® B ls .
:‘.é'&.‘" *)
E:.‘* 2% e
1.5 ——
Lo L PL¥E=0.25 (‘C/10%E)
~ 0.5}
o
~ 0.0}
bl
e -0.5}F
0
& -LOF
£
g 20}
S 2.5}
§ 30 .|
-3.5 |
01870 1880 1890 1900 1910 1920 1930 1940 1950 1960 1970 1980 1990 2000 2010 31/53
2018-07-09 T


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 6.21e-01 -22.6 <2e-16

year 7.03e-03 3.18e-04 22.1 <2e-16
| BREAEEZOMES DEE S,
) 2—$ﬁbtrﬁﬁﬁﬁjﬁﬁmo '
1004 s
Hizb  Cal
0.70°C I
a 19IOO | 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
2018-07-09 year



Apply State Space Model (SSM)!
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SSM: Random walk + noise + trend

SIS LD A —D+FFERIL ) 1 X

Y
Y/?Z tren d 6
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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 6.21e-01 -22.6 <2e-16

year 7.03e-03 3.18e-04 22.1 <2e-16
N | SSM
S +0.84°C / 100 year
+0.70°C °°_
/ 100 year o | 95% posterior
<7 distribution includes
7| zero!
o 7
10.02 10.01 0.00 0.01 379&)3
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Spurious regression

[KFRAE S L DIEE

time series Y ~ time series X




TS modeling: NOT to do ...

- GLM: Y(t) ~ t and Y(t) ~ X(t)
- comb1ine measurements
* residual analysis

. and so on ...

2018-07-09 fREtETU O A 2018 (h) 59/535



[ BEHMTDIOFE ] spurious regression

@3 spurious_regression.R x =] Environment History =L

SRR T U Sl W EiRun | B [ [ Source ~ W e | Plots | Pmckages | Halp | Viewsr _
X <- cumsum(rnorm(100)) T e P e P T T
y <- cumsum(rnorm(100))

plot(ts(x), col = "blue", ylim = range(x, y))

lines(ts(y), col = "red")

print(summary(glm(y ~ x))Scoefficients)

[, [ = S O Ty N Y

=
5:40 (Top Level) = R Script = i )
o

Console —/ =0 v\j |I
> plot(ts(x), col = "blue", ylim = range(x, vy)) 1 f\

N | I. ..II ’,-II
> lines(ts(y), col = "red") o 4 W) /

r"ll, o 'II I\, /lll
> print(summary(glm(y ~ x))Scoefficients) VoY
Estimate Std. Error t value Pr(>|t]) | | | | |

(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



SERDMES VI LTH—D

time

time

time

time

time

time

time

time

time

time

time

time

/7

/.

42/53

time

time

2018-07-09



_EEERNMESmE I SIREZERET IV

apply bivariate state-space models
including variance-covariance matrix

43/53
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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], taul2])
y[t] ~ dnorm(m[t], taul[l])
m{t] <- delta + y[t - 1]

}

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

taul[k] <- 1 / (s[k] * s[kl)

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

} 2018-07-09 HEtETD VI AR 2018 (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(dlm)

Library(KFAS)

Also we have more powerful

models to analyze TS data...

2018-07-09 fREtETU O A 2018 (h) 50/53
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take-out message
Modeling time series data can be a
hierarchical modeling

BRID [0 GLM DTN

o0 0 __
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O O
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The End: have a nice statistical modeling!

The Evolution of Linear Models

Parameter
Estimation

Hierarchical Bayesian Model MCMC

/& (HBM)
Generalized Linear Mixed Model
(GLMM)
/& Generalized e

T — ST Linear Model (GLM)
[EERT XETILC ! MSE
Linear Model
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