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What data looks like (hr_tt_03mm_12hr_C0A590

date TT UK INI MOs DA ER1
[1,] 20110301 16.2 17.0  16.9  16.9  15.7  17.0 m Taking
[2,] 20110302 9.9 10.3  12.5  11.8  11.1  12.3
[3,] 20110303 10.6 11.1  12.5  11.5  10.8  12.3
[4,] 20110304 9.0 9.7  11.0  10.1 9.6  11.1 hr_tt_03mm_12hr_CO0A590 as
[5,] 20110305 17.9 17.5  17.1  16.6  15.6  17.2
[6,] 20110306 17.4 16.6 20.7 19.8 20.3 21.5 example:
[7,] 20110307 8.4 9.6  10.6 5.5 8.7  10.3
[8,1 20110308 12.5 12.0  13.6  13.4  12.5  14.1
(9,1 20110309 19.2 18.0  17.2  16.9  16.0  17.7 m 03 represents March
[10,] 20110310 12.5 12.4  14.1  13.0  12.7  14.1
[11,] 20110311 11.7 11.5 13.1 11.8 11.7 13.2 | ] 12 represents ].2
[12,1 20110312 14.1 14.8  17.7  16.5  16.5  18.0 ,
[13,] 20110313 19.8 18.1  20.0  20.0  18.5  20.6 o'clock
[14,] 20110314 22.5 23.2  23.2  23.3  21.6  23.5
[15,] 20110315 12.6 12.6  14.4  14.1  12.7  14.5
[16,] 20110316 10.2 10.7  11.5  11.0  10.1  12.0 m COA590 represents
R REIRE Station code
[176,] 20160321 15.7 15.7  16.5  14.5 14.5  16.9
[177,] 20160322 20.7 20.7  20.7  20.7  18.0  21.2 ™ Having 12X24XN of such data,
[178,] 20160323 15.9 15.8  17.3  15.5  15.7  17.7 .
[179,] 20160324 10.7 10.7 11.4 9.8 9.6  11.6 ranging from 2011 to 2016
[180,] 20160325 9.8 9.7  10.8 9.5 3.3 11.2
[181,] 20160326 13.6 13.6  13.2  13.1  12.2  14.0
[182,] 20160327 12.6 12.5  13.9  13.7  12.9  14.6
[183,] 20160328 16.6 16.6  15.6  15.6  14.8  16.5
[184,] 20160329 21.3 21.3  18.7  20.6  18.0  20.4
[185,1 20160330 21.1 21.1  21.8  21.0  22.1  23.2
[186,1 20160331 20.0 20.0  20.7  20.0  18.6  21.0
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What data looks like (hr_tt_03mm_12hr_C0A590

date TT UK INI MOS DA ERI

(1] 20110301 16.2 170 16.5  16.6  15.7  17.0 g |ength of TT observation started

[2,] 20110302 9.9 10.3  12.5  1l.8  11.1  12.3 g

[3,] 20110303 10.6 11.1  12.5  11.5  10.8  12.3 from 2011 to current year 2016

[4,] 20110304 9.0 9.7  11.0  10.1 9.6 1.1

[5,1 20110305 17.9 17.5  17.1  16.6  15.6  17.2 " »

(6,1 20110306 17.4 16.6 ~ 20.7  19.8  20.3 2.5 W [§ BIE R BERIE —gi':’t.’ﬁ 2o H

(7,1 20110307 8.4 9.6  10.6 5.5 8.7 10.3 . _ L

[8,] 20110308 12.5 12.0  13.6  13.4  12.5  14.1 v imm_)iégiﬁ"’ ER 3

(9,] 20110309 19.2 18.0  17.2  16.9  16.0  17.7 .

[10,] 20110310 12.5 12.4  14.1  13.0  12.7  14.1 Z_ e

[11,] 20110311 11.7 11.5  13.1  11.8  11.7  13.2

[12,] 20110312 14.1 14.8  17.7  16.5  16.5  18.0 - . 40 qu

[13,]1 20110313 19.8 18.1 20.0 20.0 18.5 20.6 m it regression model j\«‘ﬁ

[14,] 20110314 22.5 23.2  23.2  23.3  21.6  23.5 D L S T
[15,] 20110315 12.6 12.6  14.4  14.1  12.7  14.5 residual rrl,’? i o iEa 45 R
[16,1 20110316 10.2 10.7  11.5  11.0  10.1  12.0 BB E

/? K ﬂ °
B E2E
23 i * o3
[176.0 20160321 15.7 15,7 1.5 14.5 145 160 M K iE P HRE "/}'J &b BEAR
[177,] 20160322 20.7 20.7  20.7  20.7  18.0  21.2 s ey s =
[178,]1 20160323 15.2 15.8  17.3  15.5  15.7  17.7 & fz i i& {7 £ regression model
[179,] 20160324 10.7 10.7  11.4 9.8 9.6  11.6 Y2 o g oL P ; g (
[180,] 20160325 9.8 9.7  10.8 9.5 9.3 11.2 TAZ2 1> 5 % residuals &
[181,] 20160326 13.6 13.6  13.2  13.1  12.2  14.0 HoRIERR T A T ;
[182,] 20160327 12.6 12.5  13.%  13.7  12.9  14.6 LRIPRALE A R R residual
[183,] 20160328 16.6 16.6 15.6 15.6 14.8 16.5 B ﬂ”’]é‘§ ;R A /é—_) y % 1/5“ ;E,J
[184,] 20160329 21.3 21.3  19.7  20.6  18.0  20.4
c ! .

[185,] 20160330 21.1 21.1  21.8  21.0  22.1  23.2 TT < outlier
[186,] 20160331 20.0 20.0  20.7  20.0  18.6  21.0
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What data looks like (hr_tt_03mm_12hr_C0A590

date TT UK INT MOS DA ER1
(1,] 20110201 16.2 17.0  16.9  16.8  15.7  17.0
(2,] 20110302 9.5 10.3  12.5  11.8  11.1  12.3 . o ’
(3,1 20110303 10.6 11.1  12.5 1.5 10.2  12.3 AP REY UK ~NWP = 2 R * &7 R
(4,] 20110304 5.0 9.7 11.0  10.1 5.6 1l.1
[5,] 20110305 17.% 17.5  17.1  16.6  15.6 17.2 3% Eﬁ-& *F3t g 2§ AL-25:
[6,] 20110306 17.¢ 16.6  20.1  19.3  20.3  21.5 g AN i
. J 3 . : w =
[7.] 20110307 8.4 9.6  10.6 9.5 8.7 103 & BB IR f‘tﬁﬁ_}\iﬁ ¢ F B J;’,
(8,1 20110308 12.5 12,0 13.6 134 125 141 4y N > o oo
(o] 20110308 15.2 15,0 17.2 16 160 170 AL WA HIAT (BEEF - F g
(10,] 20110310 12.5 12.4  14.1  13.0  12.7  14.1
(11,] 20110311 11.7 11.5  13.1  1l.8  11.7  13.2 f" )
(12,] 20110312 14.1 14.8  17.7  16.5  16.5  18.0 5 3%
(13,] 20110313 19.8 18.1  20.0  20.0  18.5  20.6
(14,] 20110314 22.5 23.2  23.2  23.3  21.6  23.5
(15,] 20110315 12.6 12.6  14.4  14.1  12.7  14.5
(16,] 20110316 10.2 10.7  11.5  11.0  10.1  12.0
ERh 2R
[176,] 20160321 15.7 15.7  16.5  14.5  14.5  16.9
[177,] 20160322 20.7 20.7  20.7  20.7  19.0  21.2
[178,] 20160323 15.9 15.6  17.3  15.5  15.7  11.7
[179,] 20160324 10.7 10.7  11.4 9.8 9.6  11.6
[180,] 20160325 9.8 9.7 10.8 9.5 9.3  11.2
[181,] 20160326 13.6 13.6  13.2  13.1  12.2  14.0
[182,] 20160327 12.6 12.5  13.9  13.7  12.9  14.6
[183,] 20160328 16.6 16.6  15.6  15.6  14.8  16.5
[184,] 20160329 21.3 21.3  19.7  20.6  19.0  20.t
[185,] 20160330 21.1 21.1  21.8  21.0  22.1  23.2
[186,] 20160331 20.0 20.0  20.7  20.0  19.6  21.0
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LUtility of Regression Model to Find Outlier

Taking UK/MOS vs TTobs as example

Consider detecting influence point from residual of a linear regression

model

hr_tt_03mm_12hr_COAS80

hr_tt_03mm_12hr_COAS90

— Reg Line
-y

OBS

oBS

— Reg Line
[

UK
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LUtility of Regression Model to Find Outlier

Another example with different station

Consider detecting influence point from residual of a linear regression

model

hr_tt_03mm_15hr_COK300.txt hr_tt_03mm_15hr_COK300.txt

— Reg Line
[

— Reg Line
[p—"
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Method of identify outlier — to detect influence data under
regression model
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L Method of identi y outlier — to detect influence data under regression model

Conventional outlier methods : Frequentist and Bayesian

Frequentist
F1 standardized residuals r; = £;/s\/1 — h;

F2 predictive interval ( also could be categorized in
Bayesian)

F3 externally standardized residual t; = &;/s(jv/1 — hj;
Bayesian

B1 predictive method based on predictive distribution,
¢ = p(yily)

B2 outlier detection based on assuming improper prior
distribution of normal-gamma prior, p; = pr(|e;| > koly)



LFrequentlst

Frequentist
m F1. standardized residual r;
m F2. Predictive Interval
m F3. External standardized residual t;
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L Frequentist

LF1. standardized residual r;

rr~tn—m-—1)
for n is sample size and m is the number of parameters, in our

case, m = 2. In this case, we consider anything outside the
region of Cl = 99.99% is outlier.

Cl=99.99% ie |t| > 3.978 student t distribution left tail student t distribution right tail
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LFrequentist
LF1. standardized residual r;

hr_tt_03mm_12hr_COA590 hr_tt_03mm_12hr_COA590
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Different TT-predicted models carry out different residual distribution. On this regard, this indicates and highlights

the importance of priori.
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LFrequentist
LF1. standardized residual r;

This

Standardized Residuals
0

hr_tt_03mm_15hr_C0K300.txt

hr_tt_03mm_15hr_COK300.txt
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one use 99.9% CL to detect outliers.
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L F2. Predictive Interval

A predictive interval bears the same relationship to a future observation
that a Frequentist Cl.

m (x;,y;) be n observations that follow the normal simple linear

regression model
yilxi ~ N(a+ bx;,0?)

m the point predictor for a future observation y made at x* is
ﬂy\x* = é + bX*

m (1 —)100%Pl is

(x = x)?

N 1
Hy|x* + ta/g)nQS\/l + E + W

X

where

~ _ x—X)(y—y)]?
s\ 0= 0 = [k [ - e - gt




L Frequentist

L_F2. Predictive Interval

Predictive Interval derived from distribution of r;

hr_tt_03mm_12hr_COA590 hr_tt_03mm_12hr_COA590
&4 ~
rrrrr 99.99 % Pl
— Reg Line ‘
. .
& 1 20119313
P
g ]
o e o

20 25

UK MOS

Predictive interval using distribution of r; to obtain the distribution of 'supposed’ new data. Therefore, you have

exactly the same result from r;.



L_F3. External standardized residual t;

Let y(;) be the observations excluding y;, the external standardized
residual is defined by the following:

ti = é,’/S(,‘)\/ 1— hj
where s(;) is estimated variance of y(;. And

ti~tln—p—1)

under null hypothesis of no shift in the mean of the ith observation.
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L_F3. External standardized residual t;

Detect Influential points Result from t;

For UK For MOS
My external standardized residual result with cutoff p-value at My external standardized residual result with cutoff p-value at
0.00005 0.00005
date ti pvalue BonferonniP date ti pvalue BonferonniP
20110313 5.66 2.9e-8 5.4e-6 20120315 -3.96 5.3e-5 0.0098
20110317 6.20 1.8e-9 3.4e-7

result from R function outlierTest{car}
result from R function outlierTest{car} No Studentized residuals with Bonferonni p < 5e-05
Largest |rstudent]|:

2011;;;; 3 62 gvilug Bonfelr%rénilz date ti pvalue BonferonniP
. Te- .06e-
20110317 6.20 37¢.9 60707 20120315 -3.96 1.06e-4 0.020

External standardized residual t; doesn't supply anything distinguishably

different from r;



[@ Bayesian
m Define Predictive distribution
m B1. Predictive distribution approach
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L Bayesian

L Define Predictive distribution

Started from Bayesian...

Assume that if the priori is essential, the joint density for potential data y
and parameter 6 can be derived from the following:

Py, 0|A) = p(y|6, A)p(6|A)
The posterior probability of 6 is

plyl0,A) - p(0|A)
p(y|0,A) - p(0|A)do

p(Oly,A) = T

That
py|A) = / p(y16. A) - p(6]A)d6

is the predictive distribution.



LBl. Predictive distribution approach

Suppose y = (yi, yo) for subsets y; and y», then we may have

p(y|A) = p(yalyr, A)p(11|A)

If model is crooked because of some outliers, say y», then
make probability of y, conditional on y; to see if the predicted
yo is adhered to the model based on y;.

Thus, we may have

¢ =—= = plyilym)



L Bayesian
LB1. Predictive distribution approach

I )

Assume y ~ N(6, %) with unknown 6 and 6 has priori with
6 ~ N(6o,03), then

(0] A)_L nod v LN GURE (0 — )
PAELY: V21 \o? o} &Pl 2 o2 os

where



L_B1. Predictive distribution approach

And predictive distribution is

p(y|A) = fxl/_ anl 151f Xp{ % {(n _021)52 + U _5290)2}}




L Bayesian
LBl. Predictive distribution approach

Outlier detection through predictive distribution(Geisser 1980,
1987)

Given observation y(; with its predictive distribution p(y( H|A)
and let ¢; be the condltlonal predictive ordinate, which is
defined by the following:

p(y|A)
¢ = pyilyiy) =
D7 by |A)

The most discordant having the smallest value of ¢;. Recall
(n— )sd + (Ya— 00)

variance part of p(y|A), let g(yq) =
g(ya) ~ x*(n)

Although this doesn’t come with the p-value or any mechanism to identify outlier, we can plunder the variance

part of p(y|A) which has X‘Z distribution with degree of freedom, n.
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LB1. Predictive distribution approach

RS%%E%: &7 UK/MOS % B RIEZEF OBS &

Under the confidence level 99.99 no
outlier detect

Below are the table of statistics ci who
has p-value less than 0.1

date ¢ glyq) p-value*
20110313 3.9e-6 157.4 0.077
20110317 4.1e-7 1529 0.046

Under the confidence level 99.99 no
outlier detect

Below are the table of statistics ci who
has the smallest p-value

p-value*

date ¢ &glyq)

20120315 1.5e-4 169.4 0.243

*p-value is defined with Pr(x% > g(y4)).
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Further Goal

m How to quantify 5 different estimator of TT

m How to ensemble the residuals from 5 different
model estimator

m Different variance determine how residual
behave, some are slack some are tense, then
how to quantify those information

m Bayesian provides the information concerning
predictor future behavior which is more reliable.

m Certain mechanism on information feedback
and



