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F 9 %
AL
Y
g? 5
2

2 YouTube
! Q L]
Importing a csv file directly from the web
= Questionnaires and Surveys: Analyses with R Survey Data Analysis in O
R: A Crash Course RS S SN £ S
https://ladal.edu.au/surveys.html
Selecting specific columns
m  Survey Data Analysis with R Al L - [

https://stats.oarc.ucla.edu/r/seminars/survey-data-analysis-with-r/

Creating a binary (ak.a. dummy} variable
v Do - T 5 M

m Essentials for Analyzing Survey Data Using R
https://rpubs.com/kiffercard/Essentials-for-Analyzing-Survey-Data-Using-R

the levels of & g varlable
A Dms + WA 2 257 5 WAL

Creating a new categorical variable

= Analyzing Survey Data in R

https://rpubs.com/Onduma/surveydata

= Getting Started with R for Survey Analysis
https://www2.hawaii.edu/~georgeha/Handouts/R Handout Getting Started with R.html

m  Analyzing Survey Data in R: A Crash Course (Part 1)
https://vivdas.medium.com/analyzing-survey-data-in-r-a-crash-course-part-1-9dfa4b110115

m  Survey Data Analysis in R: A Crash Course
https://www.youtube.com/playlist?list=PLLnN822fMufOrlQpfGW 7vvZF34Ppu50d
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s Continuous Data EE R &R
s FWA -~ FE - BE - ... (qQuantitative 5T £)

= Discrete (Categorical) Data £25IE®l:
= MR~ &1k - BBERRE - ... (qualitative BE)

= "Ordinal" IEFFZ 2 - REFEEL
» FEER B E8 AERE - FEAEE

N

n B £ P

0 "Nominal"%ﬁ'ﬁ%ﬂ
n REEMNM RBETEH - FL44E8

Ordinal methods cannot be used with nominal variable
= Nominal methods can be used with nominal, ordinal variables.
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1. ;%% ( Test or Exam ) :
n BN AEFERANBAEAHE - BEESEEN - BRREBENEERRAE -
Fh L G ERARESENITZRE - ALEMLERE BERNRIRKE -

2. 8% ( Questionnaire ) :
. BN BERAREZWEER  NEANER - '%,EE RN ITRE -
o SO EEHEER BN AMREE - WE %TLMEE/% AR EMINE

W -

el

3.2% (Scale) :

B EXRFINFTHFEEHNEZENRE (NEFERHER ) @ BARNOCENSEEMET  HSEE
B maE s EMOIRRE -

B EREREE—RIEEBE  BRSTAEKAERFEN OB TAEE - WERENET2 AR -

e R SRETEES 3t 2
AE TERARFEANE sBadar DN ETRE BEESZHRMITDIRE
16
Bl%E H#EMR  WEZSKE SBHREENZEENE oEERBER—REDH
HE R = E =
2R FERBERERA R R ERVIBEMERE AR R AT
= 5 EAREE EJZCHTSE
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» FENEIEE  oFRSHEUEREARIZERER @ EalE ff o
» RENIER : SEZHEBNIERIUEESEERNES -
Z R R EE A ARBE -
» BEENFES  EBRSEM A - ETRIRELIRAIREN R Z SRR -

EREREERE - WIERESEHNBICNAERMNIER -

« IEEZH - RIENEE
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RETRRAVER - IETERAVER
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n EEMNER BEMGEENEE) - RE—EM%E(Cronbacha » IT#EE) .@%Egﬁ&%zﬁtm;gg
MR I - BBRERBEERTE
. WEMNER QWEBBNE - BREEZENON - BRI -xﬁﬁﬁ;ﬂzg,aJm;E
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library(readxl)

math_data <- read_excel ("'data/EEB%HEE_1.x1sx™)
head(math_data)

A tibble: 6 x 11

#V VYV

1 1 60 5 1 5 2 1
1 1 42 5 2 5 2 2

N P

tail(math_data)
A tibble: 6 x 11

H Vo

PR MRl EERE al a2 a3 ad a5 a6
<dbl> <dbl> <dbl> <dbl> <dbl> <dbl> <dbl> <dbl> <dbl> <dbl> <dbl>

PR MRl EERE al a2 a3 ad a5 a6
<dbl> <dbl> <dbl> <dbl> <dbl> <dbl> <dbl> <dbl> <dbl> <dbl> <dbl>

4 2 1 89 5 5 5 5 2
5 2 2 87 5 5 5 2 2
6 2 2 76 5 5 4 5 3
> str(math_data)
tibble [50 x 11] (S3: tbl_df/tbl/data.frame)
$ PEER num [1:50] 1111111111 ...
$ Rl num [1:50] 1112211122 ...
$ BERF: num [1:50] 60 42 78 65 68 57 55 97 87 92 ...
$ al num [1:50] 5555144414 ...
$ a8 :num [1:50] 3214564336 ...
> summary(math_data)
BEAR 3]l al
Min. :1.00 Min. :1.00 Min.
1st Qu.:1.00 1st Qu.:1.00 1st Qu.
Median :2.00 Median :1.00 Median
Mean :1.52 Mean :1.44 Mean
3rd Qu.:2.00 3rd Qu.:2.00 3rd Qu.
Max . :2.00 Max . :2.00 Max .

a7 a8
5 3 3
4 4 2
a7 a8
4 4 5
4 5 5
4 4 5
a2
1.00 Min.
2.00 1st Qu.:
:3.50 Median
3.38 Mean
4.00 3rd Qu.:
5.00 Max .

GNEFENERFPRFP

.00
.00
.00
.96
.00
.00

a3
Min.
1st Qu.:
Median
Mean
3rd Qu.:
Max .

SN AN R

[eNeoNi NoNeoNe]
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o Iﬂﬁ:ﬂﬂﬁaﬁﬁ LE) 8 B 2
» EARMEHES —BEEREPRPMESAN: JFEC
o ﬁﬁﬁaﬁﬁﬁﬁ’ﬂa TEFP R ERIE

s BIRESH (EESH, rbind) HEHES "IHER, - KH
KEME "FRPRERE ) (IER

s BIBEH KESH, cbind): FE— "FHEEBEE, (HIU: &%
wISE - ..) FEHNERMEPHEERERAE -

s EREHET
m Base Rimerge

m Tidyverse dplyr: join{dplyr}:anti_join,

inner_join, left join, right join,

Y

full_join,
semi_join
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> math_datal <- read_excel("'data/EE2E3 1.xlIsx") =y Fgﬁ%%ﬂaﬂ_l xlsx | &0 r%ﬂ%%%_z Xlsx |
> math_datal
# A tibble: 5 x 4 G | lenl | Svemen semmE B B SUSE RS
Mm% MRl EERM BEBRE 1 |1001 1 87 38 1. |1006 2 7 %
<chr> <dbl> <dbl> <dbl> 2 1002 1 84 42 2 1007 2 a4 a4
1 1001 1 87 38 3 1003 1 75 25 3 1008 2 85 28
2 1002 1 84 42 4 1004 2 78 33 4 1009 1 58 30
< 1005 2 a2 40 5 1010 1 70 54
5 1005 2 92 40
> math_data2 <- read_excel ('data/E{EE% 2 _xlIsx") > math_data2_tmp <- math_data2[, sample(1:4)]
> math_data2 > rbind(math_datal, math_data2_tmp)
# A tibble: 5 x 4 # A tibble: 10 x 4
Mm% MBl EERM BEBRE Mm% MRl EBERH BBREE
<chr> <dbl> <dbl> <dbl> <chr> <dbl> <dbl> <dbl>
1 1006 2 74 36 1 1001 1 87 38
2 1007 2 94 34 2 1002 1 84 42
I 3 1003 1 75 25
5 1010 1 70 54 I
> math_data_all <- rbind(math_datal, math_data2) 10 1010 1 70 54
> math_data_all >
# A tibble: 10 x 4 > math_data2_tmp$TEST <- sample(1:5)
Mm% MBl EBERH BBREE > math_data2_tmp
<chr> <dbl> <dbl> <dbl> # A tibble: 5 x 5
1 1001 1 87 38 fme% MR BEBRRE BEMR  TEST
2 1002 1 84 42 <chr> <dbl> <dbl> <dbl> <int>
3 1003 1 75 25 1 1006 2 36 74 5
4 1004 2 78 33 2 1007 2 34 94 3
5 1005 2 92 40 -
6 1006 2 74 36 4 1009 1 30 68 1
7 1007 2 94 34 5 1010 1 54 70 2
8 1008 2 85 28 > rbind(math_datal, math_data2_tmp)
9 1009 1 68 30 Error in rbind(deparse.level, ...) :
10 1010 1 70 54 numbers of columns of arguments do not match
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=it " BEEE 1xls - BIBE2E 3xls 4 -

N

¥V VO

NP

abrwNBE

V VvV O

math_datal <- read_excel(“'data/E{(ZE% 1 _xlIsx")

math_datal

A tibble: 5 x 4

sk MRl EEBRM BEERE

<chr> <dbl> <dbl> <dbl>
1001 1 87 38
1002 1 84 42
1005 2 92 40
math_data3 <- read_excel (‘'data/E{Z2E2
math_data3

A tibble: 5 x 4

wi BBUEE HEBEE HERA
<chr> <dbl> <dbl> <dbl>
1001 54 48 25
1002 32 38 40
1005 44 45 28

cbind(math_datal, math_data3)

fmik Rl BERE BBEE MRIE BBMEE

1001 1 87 38 1001
1002 1 84 42 1002
1003 1 75 25 1003
1004 2 78 33 1004
1005 2 92 40 1005

54
32
48
42
44

& 3.xlIsx™)

e B SR SUSEE | SEBRA
1 1001 1 a7 1 10071 a4 48 o5
2 1002 1 &4 2 1002 3z 38 40
3 1003 1 75 3 1003 48 46 32
4 1004 = Ta 4 1004 42 41 19
5 1005 2 o 5 [1005 44 15 o3

math_data3_tmp <- math_data3[sample(1:5), ]
math_data3_tmp

https://hmwu. 1dv.tw

# A tibble: 5 x 4
ma HEBUEE BEERE HERA
<chr> <dbl> <dbl> <dbl>
1 1005 44 45 28
5 1001 54 48 25
> cbind(math_datal, math_data3_tmp)
fwmeE MR BERH BBREE &N BHEUEE HEBEEE HEBERA
1 1001 1 87 38 1005 44 45 28
2 1002 1 84 42 1003 48 46 32
EleE Eain
i*“;‘f‘ ﬂ*i";\ 3 1003 1 75 25 1004 42 41 19
28 40 | 4 1004 2 78 33 1002 32 38 40
16 3o | B 1005 2 92 40 1001 54 48 25
41 19
45 28
merge(math_datal, math_data3, by = "#R5E"™)




rbind cbind

> begin.experiment <- data.frame(name=c("'A", 'B", "C", "D, "E', “F'),

+ weights=c(270, 263, 294, 218, 305, 261)) > begin.experiment
> middle.experiment <- data.frame(name=c('G", "H™, "I1'), | name welahts

+ weights=c(169, 181, 201)) 2 263

> end.experiment <- data.frame(name=c('C'", "D, A", "H"™, "I'), 1

+ ‘

> p

| ww R  w]

294
z18
weights=c(107, 104, 104, 102, 100)) S
# merge the data for those who started and finished the experiment nggﬁzgifﬂwm
(common <- intersect(begin.experiment$name, end.experiment$name)) G 169
[1] "A" “C" "D" Do
> (b.at <- is.element(begin.experiment$name, common)) nﬂiﬁﬁiﬁTH
[1] TRUE FALSE TRUE TRUE FALSE FALSE 107
> (e.at <- is.element(end.experiment$name, common)) o
[1] TRUE TRUE TRUE FALSE FALSE 102
> experiment <- rbind(cbind(begin.experiment[b.at,], time="begin™),
+ cbind(end.experiment[e.at,], time="end"™))
> experiment
name weights time
270 begin
294 begin
218 begin
107 end
104 end
104 end > tapply(experiment$weights, experiment$time, mean)
begin end
260.6667 105.0000

e

V
BOLd B

[0 Y N PN N T )
HIT = D0

=

WNEFEP,A~WEPER

=
>0000 >
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f merge {base}
e

= Merge (adds variables to a dataset) two data frames
horizontally by common columns or row names
(key variables, either string or numeric)., or do
other versions of database join operations.

merge(x, y, by = intersect(names(x), names(y)),
by.x = by, by.y = by, all = FALSE, all.x = all, all.y = all,
sort = TRUE, suffixes = c(".-x",".y"),
incomparables = NULL, ...)

# merge two data frames by ID
total <- merge(data.frame.A, data.frame.B, by="ID"")

# merge two data frames by ID and Country
total <- merge(data.frame.A, data.frame.B, by=c("ID","Country'))

https://stat.ethz.ch/R-manual/R-devel/library/base/html/merge.html
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merge {base},

o merge{base}é?ﬁ?ﬁ’\]ﬁﬁﬂz
(default) the data frames are merged on the columns with names they both have.

m  The rows in the two data frames that match on the specified columns are
extracted, and joined together.
If there is more than one match, all possible matches contribute one row each.

s merge{base}EZEArguments:

by, by.x, by.y:The names of the columns that are common to both x and y.
The default is to use the columns with common names between the two data
frames.
all_x, (all.y):logical
= if TRUE, then extra rows will be added to the output, one for each row in x that has no
matching row in y.
= These rows will have NAs in those columns that are usually filled with values from y.
» The default is FALSE, so that only rows with data from both x and y are included in the
output.
all = TRUE (FALSE) isshorthand forall.x = TRUE (FALSE) andall.y =
TRUE (FALSE). Logical values that specify the type of merge.
m The default value is al I=FALSE (meaning that only the matching rows are returned).
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= Natural join: To keep only rows that match from the data frames, specify
the argument al I=FALSE (by default).

= Full outer join: To keep all rows from both data frames, specify
al I=TRUE. Note that this performs the complete merge and fills the
columns with NA values where there is no matching data.

m Left outer join: To include all the rows of your data frame x and only
those from y that match, specify al I . x=TRUE.

= Right outer join: To include all the rows of your data frame y and only
those from x that match, specify al I .y=TRUE.

al I=FALSE al I=TRUE all _x=TRUE all_y=TRUE

natural join full outer join left outer join right outer join

dplyr: Inner_join full_join left _join right_join
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1',-'(7‘5

: merge {base}
ik

> authors <- data.frame(
+ surname = 1(c("Tukey', "Venables™, "Tierney"™, "Ripley"™, "McNeil™)),
+ nationality = c(US", "Australia'™, "US"™, "UK'™, "Australia™),
+ deceased = c('yes", rep('no”, 4)))
> books <- data.frame(
+ name = 1(c("Tukey', "Venables'™, "Tierney",
+ "Ripley", "Ripley", "McNeil', "R Core')),
+ title = c("Exploratory Data Analysis",
+ "Modern Applied Statistics ...",
+ "LISP-STAT",
+ "Spatial Statistics', "Stochastic Simulation,
+ "Interactive Data Analysis",
+ "An Introduction to R"),
+ other.author = c(NA, "Ripley”, NA, NA, NA, NA, "Venables & Smith'))
> authors

surname nationality deceased
1 Tukey Us yes
2 Venables Australia no
3 Tierney Us no
4 Ripley UK no
5 McNei |l Australia no
> books

name title other.author
1 Tukey Exploratory Data Analysis <NA>
2 Venables Modern Applied Statistics ... Ripley
3 Tierney LISP-STAT <NA>
4 Ripley Spatial Statistics <NA>
5 Ripley Stochastic Simulation <NA>
6 McNei | Interactive Data Analysis <NA>
7 R Core An Introduction to R Venables & Smith
https://stat.ethz.ch/R-manual/R-devel/library/base/html/merge.html
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merge {base}

> (ml <- merge(authors, books, by.x = "surname’™, by.y = "name'™))

surname nationality deceased title other.author
1 McNei l Australia no Interactive Data Analysis <NA>
2 Ripley UK no Spatial Statistics <NA>
3 Ripley UK no Stochastic Simulation <NA>
4 Tierney Us no LISP-STAT <NA>
5 Tukey us yes Exploratory Data Analysis <NA>
6 Venables Australia no Modern Applied Statistics ... Ripley
> (m2 <- merge(books, authors, by.x = "name"™, by.y = "'surname’™))

name title other.author nationality deceased

1 McNei l Interactive Data Analysis <NA> Australia no
2 Ripley Spatial Statistics <NA> UK no
3 Ripley Stochastic Simulation <NA> UK no
4 Tierney LISP-STAT <NA> us no
5 Tukey Exploratory Data Analysis <NA> us yes
6 Venables Modern Applied Statistics ... Ripley Australia no
> merge(authors, books, by.x = "surname', by.y = "name"™, all = TRUE)

surname nationality deceased title other.author
1 McNei | Australia no Interactive Data Analysis <NA>
2 R Core <NA> <NA> An Introduction to R Venables & Smith
3 Ripley UK no Spatial Statistics <NA>
4  Ripley UK no Stochastic Simulation <NA>
5 Tierney us no LISP-STAT <NA>
6 Tukey Us yes Exploratory Data Analysis <NA>
7 Venables Australia no Modern Applied Statistics ... Ripley

https://stat.ethz.ch/R-manual/R-devel/library/base/html/merge.html
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merge {base}

AR
|
o
Q
=+
Q
=h
S
Q
=
®
~
=
=
I

> (x

c(NA,NA,3,4,5), k2 = c(1,NA,NA,4,5), data

kl k2 data

1 NA 1 1

2 NA NA 2

3 3 NA 3

4 4 4 4

5 5 5 5

> (y <- data.frame(kl = c(NA,2,NA,4,5), k2 = c(NA,NA,3,4,5), data
kl k2 data

1 NA NA 1

2 2 NA 2

3 NA 3 3

4 4 4 4

5 5 5 5

> merge(X, y, by = c("kl1l","k2"™)) # NA"s match
kl k2 data.x data.y

1 4 4 4 4

2 5 5 5 5

3 NA NA 2 1

> merge(x, y, by = "k1") # NA"s match, so 6 rows
kl k2.x data.x k2.y data.y

1 4 4 4 4 4

2 5 5 5 5 5

3 NA 1 1 NA 1

4 NA 1 1 3 3

5 NA NA 2 NA 1

6 NA NA 2 3 3

> merge(x, y, by = "k2", incomparables = NA) # 2 rows
k2 kl.x data.x kl.y data.y

1 4 4 4 4 4

2 5 5 5 5

1:5))

1:5))
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merge {base}

> stories <- read.table(header=TRUE, text="

+ storyid title

- 1 lions > stories2 <- read.table(header=TRUE, text="

¥ 2 tigers + id title

+ 3 bears + 1 lions

+ ") + 2 tigers

> data <- read.table(header=TRUE, text=" | _ 3 bears

+ subject storyid rating + ")

+ 1 1 6.7 S

" L 2 4-5 > merge(stories2, data, by.x="id", by.y="storyid")

N 1 3 3.7 id title subject rating

* 2 2 3.3 1 1 lions 1 6.7

* 2 3 4.l 2 1 lions 2 5.2

- ) 2 1 5-2 3 2 tigers 1 4.5

) 4 2 tigers 2 3.3

g ) a 5 3 bears 1 3.7

> merge(stories, data, by="storyid") 6 3 bears 2 4.1
storyid title subject rating

1 1 1lions 1 6.7

2 1 1lions 2 5.2

3 2 tigers 1 4.5

4 2 tigers 2 3.3

5 3 bears 1 3.7

6 3 bears 2 4.1

http://www.cookbook-r.com/Manipulating data/Merging data frames/
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D)

D)

VV++++++VV++++++V

size
big
big
small
small

A WNPEF

animals <- read.table(header=T, text="
size type name
small cat lynx
big cat tiger
small dog chrhuahua
big dog "‘great dane™

observations <- read.table(header=T, text="
number size type

1 big cat
2 small dog
3 small dog
4 big dog

merge(observations, animals, c('size","type'))

type number name
cat 1 tiger
dog 4 great dane
dog 2 chrhuahua
dog 3 chirhuahua

https://hmwu. 1dv.tw




ﬁ$M&#ﬁﬂ£%ﬁ@§ﬂﬁﬁﬁﬁ%%&mﬁﬁﬁ%

BB KT R B

€L

nELE OO0 #tE

—~ AARFH

LR O08 02k

2. 5% : [ 1H0iuT [1(2) 31-40 % 13
5) 61 & VAL

3%@-[a*% e DR Ol &%

4. %52E Q&EAAE)AT LOXE CO)H RAT 40 £ 93
Cw#Aa+ 16+

SRBFEF :JOSFERAT O@6-10F O 11154
it nsm#—iﬂ5m45$ [1(6) 26 4 A £

6.2 &M arx Q)

7.#REN O0&Y e nﬁ

S8 ERMAB(A M) : (I 24 T [ 25-48 3

i

LBAE 244

) 41-50 5% [1(4) 51-60 %,

[1(3) 49 3L L

https://hmwu. 1dv.tw

1 -
} 130 REA T 2:31-40 & |
2 3N 1-5 3:41--50 &  4:51-60 &
5:61 UL b
Lzt 2:0%
b i e g g IRR 4R
LERAUT 20k&
4 Y 15 | 340 #4% 4L
S8+
LS ERTF 2:6-10 &
5 R e 1-6 3:11--15 & 4:16--20 %
5:21--25 & 6:26 &= 1 |
6 | BHEY 1-2 AR 2R |
7 [ Swaa | 12 | LEF %M
: | 124 AT 2:25-8 BE
. i i 3:49 L
BERIRR2ARME, SPSSIEEEIER : BEMRETHMER - AR




— M ERAE
GEESY  ARBFENRE s AZMETH AT V)

OLERAFREETEEFBAREIAN —FERTT o .
REXAHFHEEERBBR AN —FEZEER © ...
O3.#iFhERHERAR G RAERMETENLEFR - [
4 RFMEMEEEL  FRZECHWITHEER - ... ]
OSHERXRREHHHEE  AHHRREEFTHKE - ... [
06.% HIEMEREMA  HE SN EMEAGH © e O
07.FRIMEENA  FEFRARME © oo, [
0B.E#MWIFHMEEMA  ERFERBFH o v Ll

.

]

[0 e = o3& 3%

143

0000000 a =
1JO0boodoygidnae = A =%

0.8 AEHEKMMA  CEBERAALZERE © e
10.f4For R B > FERAKRMETRER © e

DO00000000 0O & =
HO0O0OD0OD00O00O s &= -N

L]

BERIRR 2R, SPSSIERIFRRA : BEMtAESR - Atk

https://hmwu. 1dv.tw



 OTAA Y B RARESE A TN RO KT
 RASALA > HMAERRS 0N 1 AR 2 B o

sk [(Mraad UFHeE #HEARE ZF4wmE
Oakm4 O F €4 DEaFd X

BERIRR 2R, SPSSIERIFRRA : BEMtAESR - Atk

https://hmwu. 1dv.tw




w~EHHEZ

(B EE

BREHEAN ERAKITEAIFEONIG  BFARETE - RER |
R REHRAMALRA c ATHAOE  FEREIHFEESE » K
FIRAEALAN > ZHAERFI 1 LRE 2 A o
O#As4 DERAE 245k ORERE
ORERA DRAEMA DRA#RK O i

https://hmwu. 1dv.tw

C4 1 LRET 1-9

C4 2 4 R 1F 1-9

C4 3 Pk 1-9 W e
C4 4 EAERK 1-9

C45 | HEERER 1-9

C4_6 BENE 1-9 SRR A1
C47 | H#MXK 1-9

RIS G e il T i R
REIL R L S E R

BERIRR 2R, SPSSIERIFRRA : BEMtAESR - Atk




A~ HEAFE Y gt .
LT BFEERTAHMARYREREATE? (U AME
Mo E52A)  FELDALN TV

(101 HHFSFERFEREALER -
(J02. T @ AHAATREE -
03K RF > RHMERE -
(10448 s 23tE » Flemil -
(105, TAE 2 % 63 » BIKRBITHRE AT -
_106. € & T & B o
(107. R Z B#& 3 o

(108 s A A3 » A KSBFH o
[109.3% s FANARE BT ©
(0.8 % 4w EHRRASAEDY -
(NLZERERFHRE -

(2. LB R BBy IMHFA -
3. R A M EZRE -
4. R M R o

BERIRR 2R, SPSSIERIFRRA : BEMtAESR - Atk

https://hmwu. 1dv.tw




ﬁ~ﬁﬁ%ﬁ§%ﬁm%ﬁ

Rir TV

‘ﬁgﬁwT%%wméfﬂ%ﬁa&=ﬁﬁﬁ%gi,&&%ﬁﬁﬁm

https://hmwu. 1dv.tw

BERAR 2R, SPSSRFEIEH :

A A % =

£ ® — % 2

2 &+ ¥ F F

"R K OB H

& 4 & £ &
OLRETETHBEN THER > CHMABRAFHHE o Ci 0 O~ B4
RATUSHABERERGFTERERSF © . 1 O :I@%@ﬁﬁ%@ﬁ%ﬁﬁ%ﬁlﬂ;gwglf;$ﬁ§§ﬁ$ '
042 AT — T BB TR BB o O] ] [ —————— RIRARSRR =
OSREFAAKMEABYER » AEETEER e O O O [ 02 R T N =
06.% i HEEMRTE THRBM BN ER o O O O S $ __5. E”
REFLEHALBHBEMIE  FIABELREX . T O O ey s 7 T Ty ~
0.8 RiEN  REEXTRMMM  FARFERNHE®R... [ O O o | o TR T | T
ORREFECE—HEREMRBEREENOA o e o S B i minp T i
0REEAEFAS TR EHRERFEHMNEPTR o s Ok @40 B gz Ez 12 X
NEAEHAALNEREEFF » RACHERHsrAoEE- O [ [ T TR i -]
RAETEAEMEIA  WH T EBARERER © o 1 O O 1 Teh o ¥
BASAREMAEAGTHER » GRBEFEEH © . () O O | 12 | EI2 ey T
4REEXHOMRRAERL  WEMRERARRGEL - . [ 0 0O i EE 1? il
ISEEH T ENERE - BERALOFEETE UEARESF - [ 0O [ e T e -

s EE T | S TR < — |

BEHat D TER - AR




o
1%
-

__JTRT AR
pa — A
’éf E A |Bjc|DfE|F|G|H|I|I|K[L|M|N|jo|EF|
—_ e e PR 20 RS 2 e RS e LD w2 U RS 1 0 R 2 o Bl e Bl o
= S e e e e e e e e e i e e e e el e
7K 3 5TOO1 3 2 4 3 4 3 4 4 1 3 2 4 3 2 4
4 5TOO2 2 2 4 2 2 1 3 4 1 3 3 1 1 2 3
557003 3 2 4 4 4 3 4 4 1 4 2 1 1 2 3
6 sTO04 3 2 4 4 4 3 4 4 1 2 2 4 1 2 3
7 STOOS 1 2 4 2 2 3 4 4 1 2 1 4 1 2 4
g STOOE 3 2 4 1 4 3 1 2 1 3 3 2 2 2 3
9 sTo07 2 2 2 1 4 3 2 4 1 4 3 2 4 2 3
10sT008 3 2 2 3 4 3 2 4 1 2 2 4 1 2 1
11 |5TOO9 4 2 4 3 4 1 3 4 1 2 1 4 1 2 4
12 5TO10 [ 3
bo SHENREER
14 STO12 /L'\ o4
155T013 3 1 & &« =« & 23 1 £ £ o 1 & 3 1
16 5TO14 3 1 4 2 2 3 4 1 1 2 2 4 3 4 4
17 57015 3 2 4 2 2 3 4 4 1 2 1 4 1 2 3
185016 2 2 4 1 4 3 4 4 1 3 2 4 1 2 3
19 |STO17 3 2 4 2 2 3 3 4 1 3 2 4 1 2 4
20 5TO18 3 1 4 2 2 3 3 4 1 2 1 2 1 2 1
pak it
#RRY
=]
#218B101~B106 - B201~B206
A B C D E F 6 H I J K_L M
1 |ID B101 B102 B103 B104 B105 B106 B201 B202 B203 B204 B205 B206
2 [sT001 4 4 4 4 4 4 4 4 4 4 4 4
3 |sT002 4 4 4 4 4 4 4 4 4 4 4 4
4 |ST003 3 3 3 3 3 3 3 3 3 3 3 3
5 |sT004 3 3 3 3 4 3 3 3 3 3 3 3
6 |STO05 3 3 3 3 3 3 3 3 3 3 3 3
7 [sT006 3 3 4 4 4 4 3 3 3 3 3 3
8 |ST007 3 3 3 3 3 3 3 3 3 3 3 3
9 [sT008 3 3 3 3 3 3 3 3 3 3 3 3
10 |ST0O9 3 3 3 3 3 3 3 3 3 3 3 3
11 |ST010 3 3 3 3 3 3 3 4 3 3 3 3
12 |STO11 3 3 4 4 4 4 3 3 3 3 3 4
13 |STO12 3 3 3 3 3 3 4 4 4 4 4 4
14 |ST013 4 4 4 4 4 4 4 4 4 4 4 4
15 |ST014 3 3 3 3 3 3 3 3 4 4 3 4
16 |STO15 4 4 4 4 4 4 4 4 4 4 4 4

oI ER:
. TTES (BHE)

- JEE MR (itemanalysis): D B EREANET O

. .%Ajjﬁ*ﬁ (EEEEED )

—EEEBENERDNRY FEEZEE LRERNESE
fEoh - BEE VR T AIEREEIR | SIBRIBE R - PTLUE
AINMX O "TEENDW . - BB ENZER T ALEE
ﬁIEJ KSIZEEZNEE  BEUZEREZAH LS
RRREZEEZEABRB NIRRT - BALEHERAK - &R
ﬁ:jjtm °

« BEIMEEHERE : () BDEBEZEDVE-AE - (B)ED
HENABABERSD -

- HEtEAE

- ETEEE

:r_c?r THEEETEA2ES R

(1) EHANB/ZBRHAE

(2) BIEDHBEIE27% - Al 1&33%

SEESHERBRSHES—
—EBEZ#E. P = (PH + PL)/2

AI825%) 2 198
ZHNWABABDLE, &2/ PH R PL- &

- REERIE:D = PH — PL

. F]{EEﬁ I BIHRTE Z2HE: RERE - criticalratio, CRIE
. SREBEEASHEEEGE

. fiﬁ#%%ﬂﬂﬂzﬁéﬁﬁ -EEEE

https://hmwu. 1dv.tw




o B B TR ER0.5 BEEHREHERIE

DA (B 27% ) -

BRI R ERE . ;
g T . BEMRILWE %Eﬁﬂ%ﬁ%ﬁﬁt%ﬁ i
P=0.80 5 BRTEEEE - P = (PH + PL)/2

0. 60 REC T S - BRE=-BOESHE EHALHE - EHEET
0.40 =P<0.60 | #5h@+ HWEERIE - (D = PH — PL)
0.20 =P<0.40 | B . SEBENEBAENEDSEDBBENE
| P<0.20 PACE .- i EJFEE&F‘EZ tIRAt% - BEMER0.5 - #RIE
- WS BEMETERE - ERERE -
: . -1<D <1
LB LHFH (1979) s min sk . D=0 BRI
LVIECE RATE ABEAEE  SoHEBRB I HBEZIEY
0405 1 I AR HBARE  BOEBRBSERED
0.30~0.29 HE o eTaERx| - D=t 1 ’
i Lo e SHESERWEY  BHABESMEHE
Sk - & e« D=-1
0T % RRRRBG & ENESERNEY  SHESBEDPEH

TEHE KGR EENEARY: %Eﬁﬂ%i&ﬁ% =
BENEE - HEEBENSEE(TEZEMNENK) -

https://hmwu. 1dv.tw




_
e
a 4 g 4 %-

n BEREZHEEREZE - WEER -
n —HESE - ENHEEREARE - &EFH/350ALLE -
. —HWME - BARELREREL0% -
n AR ABDRS00 - BIRARE ST S3EFE220%LL L -
n GRREEARRYD - AIERAREEREFS8EF5230% L L -

w FESMRBNEE B0 BHSEE -

N: RIFERARL: B (EEHERENEN). P: —#E50.5

PAZERHAR B TR E R (5000 A), RITEREREUERR:, B8
AEMI L D, MatEwm T B 5?

FHE%: N = 5000, BEK¥E: o = 0.05,
(EHEEH: 1 —0.05=0.95, k = 1.96, P = 0.5,

#N = 10000, Hln ~ 370, #N = 40000, Bln ~ 381,

https://hmwu. 1dv.tw

s HIREREHE AL IS BERERFE MRS BIMEE -
« WAER - BOSMABOL L - ROFBERISA - BER0ALLE -

()2 pr=py + 1
5000
s Eay
5000
14,0125

356.516

357




=5
1%
-

a confidence level).

Margin of Error (GRZH1[E)
The margin of error expresses the maximum expected difference between the true population parameter and a sample estimate of
that parameter. To be meaningful, the margin of error should be qualified by a probability statement (often expressed in the form of

the time.
E g
x*tz =2, ~
Let E = the desired margin of error: Car2 \/_ 2/}
Sample statistic Population size
Mean Known
2 2
z o
Mean Unknown n= 7
2 2
z + F
Proportion Known n = ( L q)2
E2 4 22pa
N
22.p-q)+ E?
Proportion Unknown n= ( pEQQ)
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For example, a pollster might report that 50% of voters will choose the Democratic candidate. To indicate the quality of the survey
result, the pollster might add that the margin of error is +5%, with a confidence level of 90%. This means that if the survey were
repeated many times with different samples, the true percentage of Democratic voters would fall within the margin of error 90% of

C N
nZ N_1
:_ (%)QP(l—P) + 1

Level of significance: a (o = 0.05)
Confidence level: 1 —a (1 —a = 0.95)
Margin of error: E (E = 0.04)

Critical standard score: z,/5 (242 = 1.96)
Size of the population: N

2

Variance of the population: o

Population proportion: p, ¢ =1 —1p
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Let E = the desired margin of error: SAMPLE SIZE FOR AN INTERVAL ESTIMATE OF A POPULATION MEAN

x*tz , ., —= E — Gap)'o”

o
23\ = Za/2 \/n n £

FIGURE 9.10 Determining the Sample Size for Specified Levels of the
Type | (a) and Type Il (B) Errors

. =
Sampling distribution HO' M= Hy Wy — 2 i — h + 7 i
Hy =y of ¥ when ,
Ha:i<iu Hyistrue and p = g Ha: M < ILO U o ‘\/E a B l\/};

(©
Reject Hy —~+—]

SAMPLE SIZE FOR A ONE-TAILED HYPOTHESIS TEST ABOUT A POPULATION MEAN

i‘ (24 + 2p)°0”
! - H=——— 9.7)

- 2
o (:u'(] _ lu’u)
Sampling distribution
of ¥ when
Hy is false and py < g, where
N z, = z value providing an area of « in the upper tail of a standard normal distribution
Note: ;= -—— oy = . 5 & .
o a zg = z value providing an area of f in the upper tail of a standard normal distribution

o = the population standard deviation
Mo = the value of the population mean in the null hypothesis
' :‘3 i, = the value of the population mean used for the Type II error

e : Note: In a two-tailed hypothesis test, use (9.7) with z,, replacing z,,.
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B gz

« summary statistics

« index plot, histogram, box-
plot

« heatmap




> CBRS <- read.csv(‘'data/CBRS.csv", TileEncoding = "BIG5™)
> head(CBRS)
BAMmSE AR BIEC1 RMIEC2 MIAC3 MIEC4 MIACS RMIEC6 MIECT

1 1 B 4 2 4 3 3 5 4

6 24 A 5 5 5 5 5 3 5

> dim(CBRS)

[1] 33 9

> CBRS$#H5I <- as.factor(CBRS$AR)

>

> MBRS <- read.csv(''data/MBRS.csv", TileEncoding = "BIG5"™)

> head(MBRS)

BAMmeE AR BEv1 MIEM2 BIEM3 MIEV4 FBIEMS BIEve RIEM7 RIEM8 RIIEM9 RIEM10 RIEM11 FHIEM12

1 1 B 3 3 2 3 2 1 2 2 2 1 2 2

6 7 A 5 5 4 5 5 5 3 4 2 1 1 3

> dim(MBRS)

[1] 33 14

> MBRS$#H5I <- as.factor(MBRSS$AR!)

>

> CBRS_MBRS <- merge(CBRS, MBRS, by = "B4X£LHEIR'™

> CBRS_MBRS$#HAI.y <- NULL

> colnames(CBRS MBRS)[2] <- "#HAI"
:%Ef;ﬁﬁﬁlﬁﬁﬂf IF:EIE((::1 ‘FEEIEE():Q ‘E-ﬁlﬁfza ‘E-EIEtha IE-?IE?:S IF:EIET:E IF:EIE‘CF’ ! 4 A | B| C | D | E | F | 6 | H | I | J | K |
2| 1 2 4 2 4 3 3 5 4 1 |BEARSE AR BBV BEM2 BEms BEme BEMs BEve BIEM7 RIEME REMD
3 | 12 1 5 3 5 4 3 1 2 2 | 12 3 3 z 3 2 1 2 2 2
4| 13 2 4 3 5 3 4 3 3 3| 2 1 4 4 5 5 5 5 1 5 3
5_ 27 1 4 4 g 4 4 c Il 4] 3 1 4 4 2 5 5 5 1 4 3
G | 23 2 1 3 a 5 3 3 1 5 4 2 z z ! 2 ! ! : L 2
7_ 24 1 5 5 5 5 5 3 5 6 | & 2 2 2 2 1 2 2 1 1 4
8 | a7 1 a 1 5 3 1 5 5 Z| 71 2 2 1 2 2 B : 3 2
; - 5 1 5 1 3 4 5 5 g | ) 2 3 2 1 2 3 1 1 2 4
| g 10 1 4 5 4 5 4 3 1 4 3
) e ! 4 ! 3 3 4 4 ‘ lEI_ 1z 1 3 3 2 4 2 2 1 3 5
o 40 2 4 4 d d E E 1 11_ 13 2 4 3 2 4 3 1 1 4 2
12| 41 1 5 5 4 4 3 3 2 12| M1 4 4 1 4 3 4 1 4 2
13| 2 1 5 5 s 4 4 3 4 13| 15 2 2 3 2 3 3 3 1 3 3
i3 3 1 5 4 g 4 4 3 3 14| 161 2 2 2 3 3 1 1 a a
15 ] 4 2 L 3 2 2 4 4 3 15 | 17z 2 3 3 4 5 3 z 5 4

https://hmwu. 1dv.tw




par(mfrow = c(2, 4))
lapply(3:9, function(x) plot(CBRS[,x],
xlab = "Students® I1D",
ylab = "Likert scale",
main = names(CBRS)[x]))
BIsC1 EIECc2 BIEC3 EIECc4
w0 0 G0 0 ®O0 0 a0 w B @ 0o w {000 0 0 @ w o 5 S
2 = -oocmE® ©0® 0w O @ = - o o000 o @ 2 =« -Ho ooo oo o oo 2 = 400 @ o o
] 3 3 3
2 e o o o0 L2 o Hmooo o oo 2 o o © oo o L o oo oo o o oo
2 £ 2 £
g 3 « o o0 N o o g oo o
- - o o ) - 00 00 o o - o o - o o
T T T T 1 | N I S R T T T T 1 T T T T 1
0 5 10 45 20 25 30 0 5 10 15 20 25 30 0 5 10 15 20 25 30 0 5 10 15 20 25 30
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BIRCSs FEIECe BIRCT
o ] T w® w 00 0 & o 0 © w @ 500
@ o 7] @ = o ¢ © @@ ©o o0 @ =+ -0 & 0 0 oo o ©
T - ®oo oo oo oo T T
2 - L o+ 00 oo oo 2 =oq o0 w
2 T Qoo o o0 om 2 2
3 i 3 oo o o ooo 3 ~m-He oo o omo 0
= | ~ I
T e e e N L e N R B B — T
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MBRSE%

BHIEM1 BHIEM2 BHIEM3 EIEM4
G- G- G- G-
2= 2= 2= 2=
0= 0= 0= 0=
A B A B A B A B
EEl A EEl A
FIEMS BHIEM6 BHIEMT EIEME
G- G- G- G-
4- 4- 4- 4-
2- 2- 2- g 2-
0- 0- 0- 0-
A B A B A B A B
Rl i) Rl i)
BHIEMO BFIEM10 FHIEM11 BIEM12

£

[N

6- G- 6- 6
library(ggplot2)
library(grid) \ a- a- 4
library(gridExtra) ] 2 2- 2 %%?
I : B 5 B : B :

my_violin <- function(xX){
ggplot(MBRS, aes(x = #HjAl, y
geom_violin(trim = FALSE)
geom_dotplot(binaxis = "y", stackdir = “center®) +
scale_y continuous(limits = ¢c(0, 6)) +
labs(title = names(MBRS)[x], v = ")

MBRS[, X])) - 4R Rl 4R Rl

+

}

violin_list <- lapply(3:14, my_violin)
grid.arrange(grobs = violin_list, nrow = 3, ncol = 4, top = "MBRS&%'")
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CBRS_MBRS <- merge(CBRS, MBRS, by = "Z4£4REiE")
CBRS_MBRS$#HAI.y <- NULL
colnames(CBRS_MBRS)[2] <- "#AI"

CBRS_MBRS_X <- CBRS_MBRS[, 3:ncol(CBRS_MBRS)]
rownames(CBRS_MBRS_X) <- CBRS_MBRS[, 1]
colnames(CBRS_MBRS_X)

col_groups <- data.frame(&% = c(rep('CBRS", 7),
rep(""MBRS™, 12)))

row.names(col_groups) <- colnames(CBRS_MBRS_X)
col_groups

row_groups <- data.frame(#5l = CBRS_MBRS$#AA!)
rownames(row_groups) <- rownames(CBRS_MBRS X)
row_groups

library(RColorBrewer)
library(pheatmap)

pheatmap(CBRS_MBRS_X,
color = rev(brewer._pal(5, "Spectral™)),
annotation_row = row_groups,
annotation_col = col_groups,
cutree_rows = 4,
cutree _cols = 4,
display_numbers = TRUE,
number_format = "%.0f",
clustering _method = "ward.D2'")
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library(tidyverse)
CBRS_MBRS means <- rowMeans(CBRS_MBRS[, 3:ncol(CBRS_MBRS)])
CBRS_MBRS ALL <- cbind(CBRS_MBRS, means = CBRS_MBRS means)

CBRS_MBRS sort <- arrange(CBRS MBRS ALL, #HAI, means)

CBRS _MBRS X sort <- CBRS _MBRS sort[, 3:(ncol(CBRS_MBRS sort)-1)]
rownames(CBRS_MBRS X sort) <- CBRS _MBRS sort[,1]
colnames(CBRS_MBRS_X_ sort)

row_group2 <- data.frame(#5] = CBRS_MBRS_sort$#H5Al,
1919 = round(CBRS_MBRS sort$means, 2))

2
2

rownames(row_group2) <- rownames(CBRS_MBRS X sort)

wlwfw| sl

colnames(row_group?2)

col _group2 <- data.frame(&8% = c(rep(''CBRS", 7),
rep("'MBRS", 12)))

rownames(col_group2) <- colnames(CBRS_MBRS X sort)

colnames(col _group?2)

# ST EI REEZFIIHF - Wik SR REEHFII9H%5 -
pheatmap(CBRS_MBRS X sort,
color = rev(brewer.pal(5, "Spectral™)),

o R o R o R
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annotation_col = col _group2,

display numbers = TRUE,

number_format = "%.0f",

cluster_rows = FALSE,
cluster_cols = FALSE,
gaps_row = 18,
gaps_col =7)
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s |HEme i3 e o7 80 R 2= T I
g FERERR Rt nE 87 93 TR 3 = R :
0| EE Rt nE 9z a3 IFEWE 4= 1
1 F#E, 3 TE 75 &5 T 1
12 | FIE e 55 54 wE 5= s ) |
13 |BRE Z3 24 54 51 e i
14 %it.';liﬁ _::::an‘ EA»I 1 s} Bl dwsiv o |'|: BERE Ql eyt ” EENERER ]

FoRR | MR

st

|SPSS Statistics Pracessor is ready| | |
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library(readxl)

c b | B | |

> A B
> student_score_sl <- read_excel ("'data/B4Ep#EDatal . xIsx™", sheet = 1) = R
> head(student_score_sl) 2 |BRE T
# A tibble: 6 x 6 3 [MI%3E F
-+ s g — 4 |FET Fyt
wE PR MRl BB EX HEREE o Fubia @I
<chr> <chr> <chr> <dbl> <dbl> <dbl> 6 |ABE Pt
1 52 B % 60 66 1 7 =i L
8 |BHE 73
L e o WER 73
6 =HE 2N % 57 58 1 10 WEE P
S 11 |BEM P
> student_score_s1$H#R4HE <- ifelse(student_score s1$I4R == "BH", 1, 2) ﬁ—igﬁ 2%
> head(student_score_sl1) 14 WO 23t
> # A tibble: 6 x 7 15 |F415 B
wE PR MRl BB EX HEREE VRED 12—%35; E';gi
<chr> <chr> <chr> <dbl> <dbl> <dbl> <dbl> Ggﬂﬁm e
1 REE B % 60 66 1 1 19 HEE P
6 =ME I X 57 58 1 2

satisfy_scale <- c("IFERRBE", "FRE", "EE", "WE", "FEERE")
student_score_s1$EiEmBEXFEAF <- satisfy_ scale[student score_sl1$HEMEE]
student_score sI$HEmMEBEEXFEF <- factor(student_score s1$EEREEXFEET,

levels = satisfy _scale, ordered = TRUE)

V + V V V

str(student_score_sl)
tibble [50 x 8] (S3: tbl_df/tbl/data.frame)

$ HE : chr [1:50] "SE2" "HIZE" “HEP HmEe

$ PR : chr [1:50] "ERPE™ "ERPE" UERPET CEIT ...

$ Rl : chr [1:50] "%" "% "g" R ...

$ 2B : num [1:50] 60 42 78 65 68 57 55 97 87 92 ...
I_$_§X _________ —aun J1:50] 66_58_95_74 84 58 68 8Q 93 93 . e
s MEwEE .o [1:5011231113535 ... , RBAHEEES
SRR TS Tham [Ts0T AT I 22T T

$ REREEXFRAF: Ord.factor w/ 5 levels "EERME"<"FMEA"<..: 123111353

T e

o= [==R4
Tresl | TieR2 | IfR3 | @

MR | =X EE%?EEJ;

& 60 66 1
= 42 58 2
= 78 95 3
=€ 65 74 1
= 68 24 1
= 57 58 1
= 55 68 3
=4 a7 80 5
= 87 93 3
= 92 93 5
b5y 75 85 3
= 55 54 3
) 64 51 4
2 71 98 1
= 78 100 5
= =4 87 1
= 8 95 1
=€ 76 94 2

(=]




# BELMREL

student_score_sl[student_score s1$M:F| == &, ]
# BEEFEDIRIZIAT807ZFELE
student_score_sl1[(student_score s1$Hi4f == "HIE'™) |

(student_score_si1$3#E37 >= 80), ]

# BEFEEBM - BEARFR80 0 REIAFK 107 ZHEE

student_score_sl1[((student_score s1$F| == "F") &
(student_score_s1$#(Z >= 80)) |
(student_score_s1$#E > 70), ]

# BRFREMEEA

student_score_sl[sample(1:nrow(student_score_sl1), 10), ]

# BFELL G200 S ~ B~ EXL
student_score s1[11:20, c("#&"™, "HE", "ET]

# BRI
student_score_sl1$#%f] <- seq(as.Date(''2028/04/02'), by = "day",
length.out = nrow(student_score_sl))
selected _date <- (as.Date(''2028/04/08'") < student_score_ s1$iFfE]) &
(student_score_s1$i%R] < as.Date(''2028/04/20™))
student_score_sl[selected_date, ]

# MR EER | FEE TR
student_score_sl1[!(student_score s1$REmMEE == 1), ]

student_score_sl[!(student_score_si1$fREmEEXFRTF == "JFEARAHEZ"), ]
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> library(psych)
> describe(student_score_sl1[, sapply(student_score _sl, is.numeric)])

vars n mean sd median trimmed mad min max range skew kurtosis se
2 150 75.78 13.96 75.5 75.92 16.31 42 100 58 -0.16 -0.80 1.97
3 2 50 79.32 16.12 85.0 80.83 16.31 38 100 62 -0.68 -0.54 2.28
BEmEE 350 2.56 1.47 2.0 2.45 1.48 1 5 4 0.43 -1.25 0.21
AR 4R TS 450 1.56 0.50 2.0 1.57 0.00 1 2 1 -0.23 -1.98 0.07
> describeBy(student_score_sl[, sapply(student score_sl, is.numeric)],
+ student_score_s1$H4R)
Descriptive statistics by group
group: G

vars n mean sd median trimmed mad min max range skew kurtosis se
2 128 78.11 14.06 77 78.21 16.31 55 100 45 -0.09 -1.24 2.66
3 2 28 78.29 15.82 85 79.42 16.31 38 99 61 -0.63 -0.51 2.99
BEmEE 328 2.93 1.49 3 2.92 1.48 1 5 4 0.12 -1.51 0.28
AR 4R TS 4 28 2.00 0.00 2 2.00 0.00 2 2 0 NaN NaN 0.00
group: ERI

vars n mean sd median trimmed mad min max range skew kurtosis se
Eog 122 72.82 13.57 73.5 73.28 14.83 42 94 52 -0.33 -0.68 2.89
£33 2 22 80.64 16.78 87.5 82.28 13.34 41 100 59 -0.72 -0.73 3.58
BEREE 322 2.09 1.34 1.5 1.89 0.74 1 5 4 0.86 -0.54 0.29
HEAR 4w S 422 1.00 0.00 1.0 1.00 0.00 1 1 0 NaN NaN 0.00

> table(student_score_sl1$t£5l, student_score si1$HEmEEXFEEAT)
FEERARE AmE BE WE FERE

> table(student_score_si1$145) # 13 3 6 2 5
Z 3 S 4 7 3 4 3
29 21
> table(student_score_sl1$HEMRENXFEF)
FEERRE Kim= Ei&E wmE FFEWRE

17 10 9 6 8
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> tbl <- table(student_score_s1$t5l, student_score_ sl1$EEmEEXFETF)

> sum(tbl)
1] 50 _
£ 1bl > margin.table(tbl)
[1] 50
EERAME FARE T8 WE FERE > margin.table(tbl, margin = 1)
E°§ 13 3 6 2 5 Z 5
5 4 7 3 4 3 29 21
> > margin.table(tbl, margin = 2)
> # overall FERRE ARE TE mE EEWE
> prop.table(tbl) 17 10 9 6
EBERAME FAmE TE WE FEBRE
Z 0.26 0.06 0.12 0.04 0.10
5 0.08 0.14 0.06 0.08 0.06
>
> # by row
> prop-table(tbl, margin = 1) .
FERRE AR 8 e SR See also: cumsum
¥ 0.44827586 0.10344828 0.20689655 0.06896552 0.17241379
5 0.19047619 0.33333333 0.14285714 0.19047619 0.14285714
>
> # by column
> prop.table(tbl, margin = 2)
EBRRME AimE EiE )= EBRE
¥ 0.7647059 0.3000000 0.6666667 0.3333333 0.6250000
5 0.2352941 0.7000000 0.3333333 0.6666667 0.3750000
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> Average <- rowMeans(student_score sl1[, c("&£", "HEH3X'HD
> Rank <- rank(- Average)
> student_score output <- data.frame(student_score sl1$#H,

- 15
+ B

> student_score_output

student_score_sl1.#:% EH HiK

Average,
Rank)

1 B7=E 63.0 40.0
2 2% 50.0 49.0
49 BEESE 87.5 15.0
50 =>4 81.0 26.0
>

> student_score_output[order(student_score_output$¥i3, decreasing = TRUE), ]
student_score _sl1.#®& Fi§ HR

46 SEHIMIN 98.5 1.0
34 ZIE 95.0 2.5
2 M=% 50.0 49.0
45 FFE 49.0 50.0

5577 i A5 1€ AR I
-+ RIREEMED
- FEEBIRIESAEEZ Js"z°
- BRBIRKEREEMSH
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> x <- c(24, 13, 26, 21, 7, 9, 2, 1, 30, 14, 20, 16, 6, 4, 12, 8,
11, 22, 18, 3)
> 1felse(x <= 10, 1, ifelse(x <= 20, 2, 3))

[1] 32331111322211212321

 RFRENERSFEREFHL~20,21~40,41~60, 615 L1 £ - WiRHESA, B, C D -

> set.seed(12345)
> age <- sample(1:100, 20)
> age
[1] 73 87 75 86 44 16 31 48 67 91 4 14 65 1 34 40 33 97 15 78

m AT BB RIERL " C" RSS2 BT BT D" RS

> set.seed(12345)
> code <- sample(LETTERS[1:5], 20, replace=T)
> code
[1] D' ™E™ **D* "'E' **C' ™A™ B 'C" D' "E"™ A™ A D' "A™ "B "C"
[17] "B™ *C™ A" "E"

R %in%
See also: cut(), recode{car}
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s ERBKREBREFIIEF(GPA) (U 72 Hl)AY
STEANUWEATR - BR—RET - X

Z 4 (Grade) [Epa GPA

Ly

27 ZRERMAR 7 Elscore By,
FRKGPA -

> set.seed(12345)
> score <- sample(0:100, 10, replace=T)
> score

0 O QW@ »

80 — 100 & 4
70 — 79 7 3
60 — 69 73 2
50 — 59 7 1
49 2 LLH 0

[1] 72 88 76 89 46 16 32 51 73 99

gpa.table <- data.frame(grade=c("A", "B, "C", "D, "E"),

GPA=c(4, 3, 2, 1, 0))
gpa.table
set.seed(12345)
score <- sample(0:100, 10, replace=T)

score_to _gpa <- function(x){

group.id <- ifelse(x >= 80, 1,
ifelse(x >= 70, 2,
ifelse(x >=60, 3,
ifelse(x >= 50, 4, 5))))
data.frame(score=x, gpa.table[group.id,], row.names =

pscore=c(''80-100", "70-79', ''60-69"

NULL)

, "'50-59", "49-0"),

> score_to_gpa(score)
score grade pscore GPA
1 72 B 70-79 3
2 88 A 80-100 4
3 76 B 70-79 3
4 89 A 80-100 4
5 46 E 49-0 O
6 16 E 49-0 O
7 32 E 49-0 O
8 51 D 50-59 1
9 73 B 70-79 3
10 99 A 80-100 4
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“ cut {base}

m cut{base} divides the range of x into intervals and codes the
values in x according to which interval they fall. The leftmost interval

corresponds to level one, the next leftmost to level two and so on.

cut(x, breaks, labels = NULL,
include.lowest = FALSE, right = TRUE, dig.lab = 3, ordered result = FALSE, ...)

> X <- rnorm(50)
> (x.cutl <- cut(x, breaks = -5:5))
11 ¢-1.01 (-2,-11 (-2,-1 (1,01 (-1.,01 (-2,-1] (0,11 (0,11 (-1.,001 (1.2] (O.1]

[45] (3,21 (0,11 (-1,0] (-2,-1] (0,1] (O,1]

Levels: (-5,-4] (-4.-3] (-3,-2] (-2,-1] (-1,0] (O,1] (1.2] (2.3] (3.4] (4.5]

> table(x.cutl)

X.cutl

(-5, 4] (-4,-31 (-3,-2] (-2,-1] (-1.,0] (0,11 (1,21 (2,31 @B.4 (4,51
0 1 10 18 13 8 0 0 0

> (X. Cut2 <- cut(x, breaks = -5:5, labels = FALSE))

[1] 544554665765 7576477456555656547 ...

[47] 5 4 6 6
> table(x.cut2)
X.cut2

3 4 5 6 7

110 18 13 8
> hist(x, breaks = -5:5, plot = FALSE)$counts
[1] O O 1101813 8 0 0O O
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cut {base}

> #the outer limits are moved away by 0.1% of the range
> cut(0:10, 5)
[1] (-0.01,2] (-0.01,2] (-0.01,2] (2.,4] (2,4] (4,6] (4,6] (6,8]
[°1 (6.8] (8,10] (8,10]
Levels: (-0.01,2] (2,4] (4,6] (6,8] (8,10]
>
> age <- sample(0:80, 50, replace=T)
> summary(age)
Min. 1st Qu. Median Mean 3rd Qu. Max .
1.00 21.00 35.00 38.16 52.75 80.00
> cut(age, 5)
[1] (48.4,64.2] (16.8,32.6] (16.8,32.6] (48.4,64.2] (16.8,32.6] (32.6,48.4]

[49] (16.8,32.6] (48.4,64.2]
Levels: (0.921,16.8] (16.8,32.6] (32.6,48.4] (48.4,64.2] (64.2,80.1]
> mygroup <- c(0, 15, 20, 50, 60, 80)
> (x.cut <- cut(age, mygroup))
[1] (60,60] (20,50] (15,20] (20,50] (20,50] (20,50] (15,20] (O0,15] (0,15] (60,80]

Levels: (0,15] (15,20] (20,50] (50,60] (60,80]
> table(x.cut)
X.cut
(0,15] (15,20] (20,50] (50,60] (60,80]
7 5 22 8 8

Note: Instead of table(cut(x, br)), hist(x, br, plot = FALSE) is more
efficient and less memory hungry. Instead of cut(*, labels = FALSE),
findInterval () is more efficient.
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n BEWIURES
> sqrt(student_score_sl$§i%) * 10
> rowMeans(student_score_si[, c("&E&", "HEH3X'OHD
n EEETEC BE—EE (A ARAB)
> table(ifelse(student_score sl1$#E < 60, "AR1E", "KIE™M))
ARtE  Kig
8 42
n EEETEC ZEEE(H: ARIBRE)
> output <- data.frame(student_score si[, c("#&", "HEX)],
+ ARIEPE = apply(student_score_sl1[, c(E&", "HEX)], 1
+ function(x) sum(x < 60)))
> output
B B FARERE
1 60 66 0
2 42 58 2 e = - 3Z [[E] 454 —
3 78 95 0 | > table(CBRS$RIIECI) Eﬁﬁn‘f%ﬂ 57“3] %Z (1§ IEIAE}EF[%F%
4 65 74 0| 1345 BEED NREL T AOREL OEZ )
> agree_scale <- c("IFEARRE", "FEE", "EE", "EAE", "FEEE")
> C1 <- factor(CBRS$RJIEC1, levels =1:5, labels = agree_scale, order = T)

> str(Cl)
Ord.factor w/ 5 levels
> table(Cl)
C1
FEEREE NG
3 0

"JEEAREE"<"FAEE"<..: 454445 4443 ...

14

FERE

&
3 13
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> arrange(student_score_s1, HEmEE, 88, D)
# A tibble: 50 x 8
wE MR MR BB OHEX RERSE MRES RERSEEXFERTF
<chr> <chr> <chr> <dbl> <dbl> <dbl> <dbl> <ord>
1 5REAE B % 55 68 1 1 FEERME
2 =18 2 % 56 72 1 2 FEERME
3 FFE P % 57 41 1 1 FEERME
4 =HE M X 57 58 1 2 FEERME
5 %52 P %L 60 66 1 1 IEERWME
6 Mlg B X 65 74 1 1 FEERME
7 2&5iE P B 67 61 1 1 IEERWME
8 ALEH FI % 68 84 1 1 EERME
o REgEH I B 71 68 1 2 FEERME
10 &% B % 71 92 1 1 EERME
# .. with 40 more rows
# 1 Use “print(n = ...) to see more rows
>
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Missing data (missing values
for certain variables for certain
cases): item non-response.

When data are missing for all
variables for a given case:
unit non-response.

HE R R (E:

TR OERARE T

BN ETENMTE -

(e.g. means, percentages, percentiles,

variances, ratios, regression parameters, etc.).
s B AT

https://hmwu. 1dv.tw

When data are missing for a
variable for all cases:
latent or unobserved.

(e.g., the properties of tests and confidence intervals. )




m The missing values may give clues to systematic
aspects of the problem.

s YO EIRIER(E:
s AERIE - MOITESE -
u %Jﬁﬁ/f

s A—EEEMUER: Use a global constant to fill the value
will misguide the mining process. (B0 iR E 45093, F&H5%

—HI=-BFR)

s RIS FETEHIER: Use the attribute mean
or median for all samples belonging to the same class
as the given tuple.

= 1A (Missing value imputation) (most popular)
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https://bookdown.org/mwheymans/bookmi/missing-data-in-questionnaires.html

o
<
-

Neutral-value (314 18) substitution: You can use neutral e
value of the likert scale. In your case neutral value would be—— v
3.5 but if your overall average score is less than 3.5 then yo
could not able to use this method.

Mean-value substitution: only when the number of
respondents with missing data and the number of items
missing were 20% or less.

Imputation methods: e.g, Approximate Bayesian
bootstrap with Propensity score

Downey, R. G., & King, C. V. (1998). Missing data in Likert ratings: A comparison of replacement methods. The
Journal of general psychology, 125(2), 175-191. (#%5[FH 1009 %)

Shrive, F. M., Stuart, H., Quan, H., & Ghali, W. A. (2006). Dealing with missing data in a multi-question depression
scale: a comparison of imputation methods. BMC medical research methodology, 6, 1-10. (75 [ 832 %)

Carpita, M., & Manisera, M. (2011). On the imputation of missing data in surveys with Likert-type scales. Journal of
Classification, 28, 93-112. (#%5 [ 68 2X)

Wu, W., Jia, F., & Enders, C. (2015). A comparison of imputation strategies for ordinal missing data on Likert scale
variables. Multivariate behavioral research, 50(5), 484-503. (§#%5|F 115 )

Applied Missing Data Analysis with SPSS and R
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observed elements missing elements

collected data

and 0 otherwise.

The missingness indicator matrix R corresponds X,

and each element of R is 1 if the corresponding element of X is missing,

Pr(R|X,,X )

define the missingness mechanism as

the probability of R conditional on

the values of the observed and missing elements of X:
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s (KERFTELERIESK (Missing by Design)
» Excluded some participants from the analysis because they
are not part of the population under investigation.
m missingness codes: (i) refused to answer; (ii) answered don't
know; (iii) had a valid skip or (iv) was skipped by an
enumerator error.

s TEHEHIES (Missing Completely at Random, MCAR)
= missingness is independent of their own unobserved values

and the observed data.
Pr(R|X) = Pr(R)

= 4 Miscoding or forgetting to log in answer.

= Imputation methods rely on the missingness being of the
MCAR type.
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= BE%IES%K (Missing at Random, MAR) Pr(R|X) = Pr(R|X,)
= missingness does not depend on their unobserved value but does
dependent on the observed data.

= #) 1. male participants (observed data) are more likely to refuse to
fill out the depression survey, but it does not depend on the level of
their depression (unobserved value).

= #)2 if men are more likely to tell you their weight than women,
weight is MAR.

m  We can ignore missing data ( = omit missing observations) if we have MAR
or MCAR.

= JFEBEHEIESC (Missing Not at Random, MNAR)
= Missingness that depends on the missing value itself.

= A question about income, where the high rate of missing values
(usually 20%~50%) is related to the value of the income itself (very
high and very low values will not be answered).

s MNAR data is a more serious issue. (not ignorable)
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= Assuming data is MCAR, too much missing data can be a problem.
= Usually a safe maximum threshold is 5% of the total for large datasets.

= If missing data for a certain feature or sample is more than 5% then you probably
should leave that feature or sample out.

= |f some variable is missing almost 25% of the data points.
m Consider either dropping it from the analysis or gather more measurements.

= Keep the other variables are below the 5% threshold.

» FERIE P E(categorical variable): replacing categorical variables is
usually not advisable.

= Some common practice include replacing missing categorical variables with the
mode of the observed ones (questionable).

n BHNWEREFZRMEENR?
» BERHNERACNE "RERGE !
BRI "EREER  2WEEANLERRES
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Amel ia (Amelia 11): A Program for Missing Data
hot.deck: Multiple Hot-Deck Imputation https://cran.r-project.org/web/packages/package-name/
HotDeckImputation: Hot Deck Imputation Methods for Missing Data
impute: (Bioconductor) Imputation for Microarray Data
mi: Missing Data Imputation and Model Checking
mice: Multivariate Imputation by Chained Equations
missForest: Nonparametric Missing Value Imputation using Random Forest
missMDA: Handling Missing Values with Multivariate Data Analysis (e.g. imputePCA, imputeMCA))
mitools: Tools for Multiple Imputation of Missing Data
norm: Analysis of Multivariate Normal Datasets with Missing Values
VIM: Visualization and Imputation of Missing Values
R packages support for missing values imputation.
m Hmisc: Harrell Miscellaneous
= survey: analysis of complex survey samples
m Zelig: Everyone's Statistical Software

n  rfimpute{randomForest}: Imputations by randomForest

= imputation{rminer}: Data Mining Classification and Regression Methods, Missing data imputation
(e.g. substitution by value or hotdeck method).

= impute.svd{bcv}: Cross-Validation for the SVD (Bi-Cross-Validation), Missing value imputation via a
low-rank SVD approximation estimated by the EM algorithm.

= mlr: Machine Learning in R provides several imputation methods.
https://mlr-org.github.io/mlr-tutorial/release/html/index.html

Package "imputation" was removed from the CRAN. (Archived on 2014-01-14)

https://hmwu. 1dv.tw




o Also called the complete case analysis.

All units with missing data for a
variable are removed and the analysis
is performed with the remaining units
(complete cases).

This is the default approach in most
statistical packages.

The use of this method is only justified
if the missing data generation
mechanism is MCAR.

In R, using the function na.omit() or

extract complete observations using
the function complete.cases().

https://hmwu. 1dv.tw

V V V V

Vo1 WNPE

mdata <- matrix(rnorm(15), nrow=5)
mdata[sample(1:15, 4)] <- NA
mdata <- as.data.frame(mndata)
mdata
V1 V2 V3
-0.62222501 1.0807983 NA
0.07124865 0.5216675 -0.08334454
1.70707399 0.1004917 0.88197789
NA -0.6595201 -0.08387860
NA 1.6138847 NA
(X1 <- na.omit(mdata))

V1 V2 V3
0.07124865 0.5216675 -0.08334454
1.70707399 0.1004917 0.88197789
(x2 <- mdata[complete.cases(mdata),])

V1 V2 V3
0.07124865 0.5216675 -0.08334454
1.70707399 0.1004917 0.88197789
mdata[ 'complete.cases(mdata), ]

V1 V2 V3
-0.622225 1.0807983 NA
NA -0.6595201 -0.0838786
NA 1.6138847 NA

RBEDHT— T - FRERABART




m A very simple but popular approach is to substitute means for the missing values.

m  The method preserves sample size and does not reduce the statistical power associated
with sample size in comparison with list-wise or pairwise deletion.

m This method produces biased estimates and can severely distort the distribution of the

variable in which missing values are substituted.

m This results in underestimates of the standard deviations and distorts relationships
between variables (estimates of the correlation are pulled toward zero).

Due to these distributional problems, it is
often recommended to ignore missing values

rather than impute values by mean substitution
(Little and Rubin, 1989. )

mean.subst <- function(x) {
X[is.na(xX)] <- mean(x, na.rm =
X

TRUE)

median(x, na.rm = TRUE)
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mdata
V1
-0.62222501
0.07124865
1.70707399
NA
NA

V2
1.0807983

0.5216675 -0.
0.1004917 O.
-0.6595201 -O.

1.6138847

mdata.mip <- apply(ndata,

mdata.mip

V1
-0.62222501
0.07124865
1.70707399
0.38536588
0.38536588

V2
1.0807983
0.5216675
0.1004917

-0.6595201
1.6138847

V3
NA
08334454
88197789
08387860
NA

2, mean.subst)

V3
0.23825158
-0.08334454
0.88197789
-0.08387860
0.23825158




The k-nearest neighbour imputation searches for the k-nearest observations
(respective to the observation which has to be imputed) and replaces the missing
value with the mean of the found k observations.

m Itis recommended to use the (weighted) median instead of the arithmetic mean.

m  KNN minimize data modeling assumptions and take advantage of the correlation structure
of the data.

KNNimpute
Cy Gy Cj - C, '

—————— Model:
91| = [V %= ¥ V]
k=1,2,--- K} = args max Corr(¢g,, g
gz || m||v ViV v || 9w } gs ma (91, 9:)
L k=1,2,--, K} = args min Dist(g,,g;
mlv sV ARG } = args min Dist(g:,g,)
C: Observed C,’s without missing values
gi || m ||V i V¥ v
' ' Imputation:
______ - K
Average Cy(g) = —>_ Ci(q)
K3
' — > weC(gx)
Weighted Average _ k=1 WEL1\Gk
1(g1) K
Dohq Wk
Im * *
1
Wy =
2 [C}(gk) — Ci(g1)]?

jec
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knn. impute{bnstruct}

> library(bnstruct)

>

> missing_data <- read.csv("'data/EERE.csv'")
> missing_data

1 1 65 NA
2 2 78 NA
10 10 67 45

> str(missing_data)

"data.frame”: 10 obs. of 3 variables:
$ IR int 1234567 8910

$ 4istEk4E: int 65 78 72 NA 84 85 87 65 74 67

$ FREEERE: int NA NA 34 39 50 34 NA 40 36 45
> summary(missing_data)
ot GiEtREE ARE R
Min. - 1.00 Min. :65.00 Min. :34.00
1st Qu.: 3.25 1st Qu.:67.00 1st Qu.:35.00
Median : 5.50 Median :74.00 Median :39.00
Mean - 5.50 Mean :75.22 Mean :39.71
3rd Qu.: 7.75 3rd Qu.:84.00 3rd Qu.:42.50
Max . :10.00 Max. :87.00 Max . :50.00
NA®s ! NA"s i3

library(pheatmap)
pheatmap(missing _data[, 2:3],

display_numbers =T,
FALSE,
cluster_cols = FALSE)

knn.impute(as.matrix(missing_data$&iztpkad), k =
k = 5)

5)

>
>
+
+ cluster_rows =
+
>
>

knn.impute(as.matrix(missing_data),
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Usmg fitted regression values to replace missing values.

m  The model must be chosen so that it does not yields invalid fitted values.
e.g., negative values.

= This technique might be more accurate than simply substituting a measure of central
tendency, since the imputed value is based on other input variables.

m This technique underestimates standard errors by underestimating the variance in x.

Cl Cz Cj C,n Regression

91| = v [=i v v

g2 m v v v v Model:
: Cy=06o+). BiC,
WV %V 4 JjeC
C: Observed Cj’s
gi || |||V v v without missing values
"""" Imputation:
Cilg1) = Bo+ D 6;Ci(g1)

jeC

gm g *
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= mice: Multivariate Imputation by Flexible Imputation of Missing Data

Chained Equations in R by Stef van

Buuren. nearr AR SatFiviies Serias
o
Flexible Imputation
= Imputing missing values on: of Missing Data

SECOND EDITION

m Continuous data: Predictive mean matching, Seefvan B o ©
tef van Buuren

Bayesian linear regression, Linear regression
ignoring model error, Unconditional mean
imputation etc.

= Binary data: Logistic Regression, Logistic
regression with bootstrap

m Categorical data (More than 2 categories) -
Polytomous logistic regression, Proportional
odds model etc.

=  Mixed data (Can work for both Continuous
and Categorical) - CART, Random Forest,

Sample (Random sample from the observed
values). https://stefvanbuuren.name/fimd

Source: http://www.listendata.com/2015/08/missing-imputation-with-mice-package-in.html
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> mydata <- airquality
> mydata[4:10,3] <- rep(NA,7)
> mydata[l1l:5,4] <- NA
>
> #Use numerical variables as examples here.
> #0zone i1s the variable with the most missing datapoints.
> data <- mydata[-c(5,6)]
> summary(mydata)
Ozone Solar.R Wind Temp Month Day
Min. : 1.00 Min. : 7.0 Min. : 1.700 Min. :57.00 Min. :5.000 Min. 1.0
1st Qu.: 18.00 1st Qu.:115.8 1st Qu.: 7.400 1st Qu.:73.00 1st Qu.:6.000 1st Qu.: 8.0
Median : 31.50 Median :205.0 Median : 9.700 Median :79.00 Median :7.000 Median :16.0
Mean : 42.13 Mean :185.9 Mean : 9.806 Mean :78.28 Mean :16.993 Mean :15.8
3rd Qu.: 63.25 3rd Qu.:-258.8 3rd Qu.:11.500 3rd Qu.:-85.00 3rd Qu.:8.000 3rd Qu.:23.0
Max . :168.00 Max . :334.0 Max . 20.700 Max . :97.00 Max . :9.000 Max . :31.0
NA"s t37 NA"s t7 NA"s t7 NA"s :5
>
> #Check the missing percentages for features (columns) and samples (rows)
> pMiss <- function(X){sum(is.na(x))/length(x)*100}
> apply(mydata, 2, pMiss)
Ozone Solar.R wind Temp Month Day

24.183007 4.575163 4.575163 3.267974 0.000000 0.000000
> apply(mydata, 1, pMiss)

[1] 16.66667 16.66667 16.66667 33.33333 66.66667 33.33333 16.66667 16.66667 16.66667
33.33333 16.66667 0.00000
[145] 0.00000 0.00000 0.00000 0.00000 0.00000 16.66667 0.00000 0.00000 0.00000

Sourec: http://www.r-bloggers.com/imputing-missing-data-with-r-mice-package/

https://hmwu. 1dv.tw



T
-0
9

r- l%
: % 1=

> library(mice)
> md.pattern(mydata)
Month Day Temp Solar.R Wind Ozone

104 1 1 1 1 1 1 0
34 1 1 1 1 1 0O 1
4 1 1 1 0 1 1 1
3 1 1 1 1 0 1 1
3 1 1 0 1 1 1 1
1 1 1 1 0 1 0 2
1 1 1 1 1 0 0 2
1 1 1 1 0 0 1 2
1 1 1 0 1 0 1 2
1 1 1 0 0 0 0O 4
0 0 5 7 7 37 56

> library(VIM)

> mydata.aggrplot <- aggr(mydata,

col=c( " lightblue®,"red"), numbers=TRUE,
prop = TRUE, sortVars=TRUE,
labels=names(mydata), cex.axis=.7, gap=3)

Variables sorted by number of missings:
Variable Count
Ozone 0.24183007
Solar.R 0.04575163
Wind 0.04575163
Temp 0.03267974
Month 0.00000000
Day 0.00000000

Proportion of missings

#104 samples are complete, 34 samples miss only the
Ozone measurement, 4 samples miss only the Solar.R
value and so on.

0.0065

0.0085

0.20
|

0.0065

0.0065

015
|

0.0065

0.0196

Combinations

0.0196

0.0261

0.05
|

0.2222

D 0.6797

Termp
Manth
Day

Ozone
Solar R
Wind
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> md.pairs(mydata)
$rr

Ozone Solar.R Wind
Ozone 116 111 111
Solar.R 111 146 141
Wind 111 141 146
Temp 112 142 143
Month 116 146 146
Day 116 146 146
$rm

Ozone Solar.R Wind
Ozone 0 5 5
Solar.R 35 0 5
Wind 35 5 0
Temp 36 6 5
Month 37 7 7
Day 37 7 7

Temp Month
112 116
142 146
143 146
148 148
148 153
148 153

Temp Month

4 0
4 0
3 0
0 0
5 0
5 0

Day
116
146
146
148
153
153

Day

oloNoNoNoNe

* I'I: response-response, both variables are
observed

* I'm: response-missing, row observed, column

missing

* Mr: missing-response, row missing, column

observed

* mm: missing-missing, both variables are missing

https://hmwu. 1dv.tw

$mr

Ozone Solar.R Wind Temp Month
Ozone 0 35 35 36 37
Solar.R 5 0 5 6 7
Wind 5 5 0 5 7
Temp 4 4 3 0 5
Month 0 0 0 0 0
Day 0 0 0 0] 0
$mm

Ozone Solar.R Wind Temp Month
Ozone 37 2 2 1 0
Solar.R 2 7 2 1 0
Wind 2 2 7 2 0
Temp 1 1 2 5 0
Month 0 0 0 0 0
Day 0 0 0 0] 0

Day
37

(@R B NELN|

Da

o

[cNeoNoNeoNo)




Solar.R

> marginplot(mydatal[,c("'Ozone™, "Solar.R"™)], col = c('blue™, "red™))
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The blue box plot located on
the left and bottom margins
shows the distribution of the
non-missing datapoints.

The red box plot on the left
shows the distribution of
Solar.R with Ozone missing
while

Likewhise for the Ozone box
plots at the bottom of the
graph.

If our assumption of MCAR
data is correct, then we
expect the red and blue box
plots to be very similar.
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SAUAAA
SO0 =

mice(data, m = 5, method = vector(‘''character', length = ncol(data)),
predictorMatrix = (1 - diag(l, ncol(data))),
visitSequence = (1:ncol(data))[apply(is.na(data), 2, any)],
form = vector(‘'character™, length = ncol(data)),
post = vector(character’™, length = ncol(data)), defaultMethod = c("pmm",
"logreg", "polyreg", "polr'™), maxit = 5, diagnostics = TRUE,
printFlag = TRUE, seed = NA, imputationMethod = NULL,
defaultimputationMethod = NULL, data.init = NULL, ...)
> methods(mice)
[1] mice.impute.2l_norm mice.impute.2l.pan mice.impute.2lonly.mean
[4] mice.impute.2lonly_.norm mice.impute.2lonly.pmm mice.impute.cart
[7] mice.impute.fastpmm mice.impute. lda mice. impute. logreg
[10] mice.impute.logreg.boot mice.impute.mean mice. impute.norm
[13] mice.impute.norm.boot mice. impute.norm.nob mice.impute.norm.predict
[16] mice.impute.passive mice. impute.pmm mice.impute.polr
[19] mice.impute.polyreg mice. impute.quadratic mice.impute.rf
[22] mice.impute.ri mice.impute.sample mice.mids
[25] mice.theme
see "7?methods® for accessing help and source Eﬁml ﬁjﬁﬁﬁmmnmmmg Scelo Wpe Dot
Warning message: norn  Bayesian linear regression numeric
In_.S3methods(generic.function, class, parem Zi™ LILmmllioin e
function "mice” appears not to be S3 generic; fou 2L.norm  Two-level linear model numeric
logreg  Logistic regression factor, 2 levels Y |
polyreg  Multinomial logit model factor, >2 levels Y
PMM (Predictive Mean Matching) — For numeric v 557 [ 2o i preered. Z2levels X
sample Random sample from the observed data any

https://hmwu. 1dv.tw



> mydata.lp <- mice(mydata, m

iter imp variable
1 1 Ozone Solar.R Wind Te
1 2 0Ozone Solar.R Wind Te
50 4 Ozone Solar.R Wind T
50 5 Ozone Solar.R Wind T
> summary(mydata. ip)
Multiply imputed data set
Call:
mice(data

= mydata, m =

mp
mp

emp
emp

5, maxit

Number of multiple imputations: 5
Missing cells per column:
Ozone Solar.R wind Temp Month
37 7 7 5 0
Imputation methods:
Ozone Solar.R wind Temp Month
pmm** “pmm** “pmm™* “pmm™* “pmm**
VisitSequence:
Ozone Solar.R wind Temp
1 2 3 4
PredictorMatrix:
Ozone Solar.R Wind Temp Month Day
Ozone 0 1 1 1 1 1
Solar.R 1 0 1 1 1 1
Wind 1 1 0 1 1 1
Temp 1 1 1 0 1 1
Month 0 0 0 0 0O O
Day 0 0 0 0 0O O
Random generator seed value: 500

5, method = "pmm",

50, meth = "pmm®, seed = 500)
> mydata. ip$imp$0Ozone
> 1 2 3 |4 5
5 59 85 20 108 18
10 11 7 27 14 21
150 9 34 27 12 22
maxit = 50, seed = 500)
Day The output shows the imputed
0 data for each observation (first
Day column left) within each imputed
“'pmm* dataset (first row at the top).

> # get back the first completed dataset out of 5
> mydata.completed <- complete(mydata.ip, 1)




The density of the imputed
data for each imputed dataset
is showed in magenta while
the density of the observed
data 1s showed in blue. Under
MCAR, we expect the
distributions to be similar.
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> densityplot(nydata.ip)
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= Next step: fit a linear model to the data.

= mice fit a model to each of the imputed dataset and then
pool the results together.

> # linear regression for each imputed data set - 5 regression are run
> modelFitl <- with(mydata.ip, Im(Temp ~ Ozone + Solar.R + Wind))
> # pool coefficients and standard errors across all 5 regression models
> summary(pool (modelFitl))
est se t df Pr(lt]D) lo 95

(Intercept) 71.11418579 2.840129171 25.0390674 85.04465 0.000000e+00 65.467290906
Ozone 0.17412083 0.025108183 6.9348239 72.90551 1.383136e-09 0.124079199
Solar.R 0.01004273 0.007163085 1.4020115 87.03503 1.644683e-01 -0.004194599
Wind -0.21504110 0.222484210 -0.9665454 61.98616 3.375274e-01 -0.659782671

hi 95 nmis fmi lambda
(Intercept) 76.76108067 NA 0.1459648 0.1261138
Ozone 0.22416246 37 0.1734348 0.1510666
Solar.R 0.02428005 7 0.1418215 0.1223252
Wind 0.22970047 7 0.2026905 0.1773735

To reduce the effect of the random seed initialization, we can
impute a higher number of dataset, by changing the default m =
5 parameter in the mice () function.

mydata.ip2 <- mice(mydata, m = 50, seed = 245435)
modelFit2 <- with(nydata.ip2,Im(Temp ~ Ozone + Solar.R + Wind))
summary(pool (modelFit2))
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# Generate 10% missing values at Random

iris.mis <- prodNA(iris, noNA = 0.1) # library(missForest)
# Check missing values introduced in the data
summary(Iris.mis)

iris.mis <- subset(iris.mis, select = -c(Species))
summary(Iris.mis)

# A tabular form of missing value present in each variable

library(mice)

md.pattern(iris.mis)

# Visualization

lLibrary(VIM)

mice_plot <- aggr(iris.mis, col=c("navyblue®, "yellow"), numbers=TRUE, sortVars=TRUE,
labels=names(iris.mis), cex.axis=.7,
gap=3, ylab=c("Missing data","Pattern'))

VVVVVVVYVYVYVYVYVYV

# Imputation

imputed_Data <- mice(iris.mis, m=5, maxit = 50, method = "pmm®, seed = 500)
summary(imputed_Data)

# Check imputed values

imputed_Data$imp$Sepal .Width

# Get complete data ( 2nd out of 5)

completeData <- complete(imputed _Data,?2)

# Build predictive model

fit <- with(data = imputed Data, exp = Im(Sepal._Width ~ Sepal.Length + Petal.Width))
# Combine results of all 5 models

combine <- pool(fit)

summary(combine)

VVVVVVVYVVYVYVYV

Source: http://www.analyticsvidhya.com/blog/2016/03/tutorial-powerful-packages-imputing-missing-values/
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= KNN is the most widely-used.

m Characteristics of data that may affect choice of imputation method:
= dimensionality.
m percentage of values missing.
m experimental design (time series, case/control, etc.)
= patterns of correlation in data.
. EE
= add (same percentage) artificial missing values to your (complete cases)
data set.

= impute them with various methods, see which is best (since you know the

real value)
Imputation l
: : Methods

arg min Y (O- y)?

missing
data
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> aggre_data <- read.csv("'data/BEER _csv")
> head(aggre_data)
HRl BRRE F& TEEBN TERE ABFE

1 1 1 32 24 12 24
2 1 1 28 26 14 40
6 1 1 29 25 30 54

> str(aggre_data)

"data.frame":

90 obs. of 6 variables:

$ MRl int 1111111111 ...

$ BRMME: int 1111111111 ... x|
$ Fie :int 32 28 25 31 28 29 27 28 28 26 ... S E i fy A

$ I}’E%ﬁ: int 24 26 30 31 24 25 34 40 20 24 ... St el e h

$ ITfEmE: int 12 14 15 21 23 30 29 28 12 21 ... . .

$ #MEE: int 24 40 54 52 53 54 52 51 32 64 ... OAEA OISk LI

> aggre_data$ttBl <- as.factor(aggre data$ttfl) O gefois) ORMEW ORI

> aggre_data$ZBRHE <- as.factor(aggre_datasBHR1E) O #mEER) O BAEX) O ISR

> str(aggre_data) otk

"data.frame”: 90 obs. of 6 variables:

https://hmwu. 1dv.tw

$ MRl : Factor w/ 2 levels ™1","2": 1111111111 ... O g

$ BRKHE: Factor w/ 3 levels "1","2","3": 1111111111 ... 2 &)

$ FEg - int 32 28 25 31 28 29 27 28 28 26 ... Mo _

$ T{EEEA: int 24 26 30 31 24 25 34 40 20 24 ... O #MQ) L I&[ |
$ LfEWE: int 12 14 15 21 23 30 29 28 12 21 ... ag

$ #HMEE: int 24 40 54 52 53 54 52 51 32 64 ... i

> WL Lo —

> aggregate(aggre_data[, 3:6], by = list(i4:%] = aggre data$i:7l, OTFw)

+ ERHE = aggre_data$Efaig), O R . _

+ FUN = function(x){round(mean(x), 2)}) O 3T (N I b I
MRl BRI Fie TEBN TERE H8&EHE

11 129.93 27.20 20.13  48.73 | QJ[ my || mess |

2 2 135.82  40.35 22.53  48.24 |

3 1 2 41.47  32.40 19.87  51.27 .

4 2 2 39.00  28.93 19.36  48.43 mean, median, sum, sd

5 1 337.36 34.93 26.71  56.00 x[1]., x[length(x)], min, max

6 2 3 40.47  32.00 25.80  49.07 length(which(x > 0)) 7/ length(x)




EEEBIMEIZFERE
— ~EXEH
LReER 15 A & &
2RBFBEFEAE OB OE+ O+ OFERXE OFEE
HMMBEF  (ISEUT (16104 [I11-154 []16204% [214 Mt
e E :
g; 3 |
7 il
Al Al
LEEFLAAFFERELFABERAREIRERINE - O O O O O
2REBLAAREA R ENTFETANEMFETSEY - [ ] O OO O
SERERAGEFZEAHRFIR AN EZ I Emmedsgdare O O O O O
1 ZRB/LFIEIRGEERCEAADE - FE T xE- [ O O O O
S RERAFBAESRNAE - MM EETFHEF . O O O O O
CABFAGTRITEAEFRAREN T (E/H ik - .= SR A 1 o o
THERBLAAEIFEMITRGN R ET/EFTER - B8 ST 300
SHRE/BLFABIHAESHAFBRELFHERNTEA - O O O O O
OREENAABRFS T AT EFBETHESNFEELFH- O O O O O
LESGLAEIEERALEFIEN FERETEHRHELZ . O O O O O

MBEEEREEAMED -
ERUNEEE _EEE{#ER) -

= FE—EZEREIZEIEG -
an B A AN JEE -

= IR_EZEIR/EEIR
BRI ZEIRIOPTAIENRHE
HERZES "HEEE, -
E68 - BIBERME

Dt

p

H
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> trans_data_orig <- read.csv("data/ERE 1.csv'™)
> head(trans_data orig)
s MRl HERE RIEEE al a2 a3 a4 a5 a6 a7 a8 a9 alo
1 1 1 1 5 5 1 5 2 1 5 3 3 1 5
2 2 1 1 5 5 2 5 2 2 4 4 2 3 5
6 6 1 2 4 4 2 5 2 2 4 3 6 5 1
> str(trans_data_orig)
"data.frame”: 55 obs. of 14 variables:
$ RSk int 12345678910 .
$ 15l int 1111111111 .
$ HEEE: int 1122222222 ...
$ RIFEE: int 5544444444 ...
$ a1l Iint 5555144414 .
$ alo :int 5543212354 ...
> summary(trans_data_orig[, c(C'#Bl", "HEEE", "REFE)])
14 51 HERE RIBFE
Min. :1.000 Min. :1.000 Min. :1.000
1st Qu.:1.000 1st Qu.:2.000 1st Qu.:2.000
Median :1.000 Median :3.000 Median :3.000
Mean :1.436 Mean :3.091 Mean :2.636
3rd Qu.:2.000 3rd Qu.:4.000 3rd Qu.:4.000
Max . 3.000 Max . :5.000 Max . 5.000

BE R A SRR SR BN I E RERY ER A
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> trans_data <- trans_data_ori N o
~ gondor - C(EE- . TR NAY FISSSSERAHERYE -
> edu <- c("BI/NVT, "EIDT, "S9P, "SERKE", “HERT)
> work_year <- c('S5&FLUF", "6-10%F", "11-15%F", "16-20F", "21FRLE™)
>
> trans_data$tdhl <- factor(gender[trans_data orig$tEhl], levels = gender)
> trans_data$#BEE <- factor(edu[trans_data_orig$#BEREE], levels = edu, ordered = T)
> trans_data$BRIEEE <- Factor(work year[trans_data_orig$iR#IFEE], levels = work _year, ordered = T)
> summary(trans_data[, c(C'&BI", "HEERE", "REFEED]
Bl HERE R#EF &

5% 133 B2/ 2 S5HFPTF 12
& 120 Bl cp 114 6-10%F :13
NA*"s : 2 =i t17 11-15% :15

ERAE 21 16-20%F :13

WX -1 21FBlE: 2
> == Py
> tbl_edu <- table(trans_data$#HBREE) ﬁ'ﬁ’é‘ﬁgu Dﬁ:l—
> n <- length(trans_data$#FEE)
> freq_data <- data.frame(RE = tbl_edu, BHtE = round(tbl_edu/n, 2),
+ FERH = cumsum(tbl_edu), ZFEEBEEE = round(cumsum(tbl_edu/n), 2))
> freg_data$RE.Varl <- NULL
> freq_data$E%7tb.Varl <- NULL
> freq_data

R .Freq BALE.Freq ZERE ZEEFESL

B /)\ 2 0.04 2 0.04
B o 14 0.25 16 0.29
=i 17 0.31 33 0.60
HERKE 21 0.38 54 0.98
T 1 0.02 55 1.00
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library(ggplot2)

ggplot(trans_data, aes(x = HEEE)) +
geom_bar() +

labs(x = "HHEEE", v = "XE")

trans_df <- data.frame(table(trans_data$HEiEE))
names(trans_df) <- c("HEEE", "XIE'™)

trans_df

BEREE K

1 BN 2

2 B 14

3 EHE 17

4 HREERE 21

5 %A 1

ggplot(trans_df, aes(x = ", y = X&, fill = EEEE)) +

geom_bar(width = 1, stat "identity™) +
labs(x = ", Fill = "¥E5EE") +

coord_polar('y", start=0) +
scale_Till_brewer(palette="Set2")

table(trans_data$t:F|, trans_data$HEREE)
B/ B Sk BRIKE SR

B4 2 14 2 15 0

74 0 0 13 6 1
ggplot(trans_data, aes(x = FHEREE, Fill = HH]D) +

geom_bar(position = "‘dodge’™) +

labs(x = "HEHEE", y = "XE")
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> edu2 <- c("BEIRBLTF, BT, "sS%ET, "ERABRLE", "ERAEBLLET)

> trans_data$#BIEE <- factor(edu2[trans_data_orig$¥EEE], levels = unique(edu?),
ordered = T)

> table(trans_data$#BEE)

HERESHRG
BT = o s HERAEBP 1=>1:2=>1-3=>2-4=>3-5=>3
16 17 22 B/~ e => BT
> BRIKE - if3TFT => ERIREBN E

> work_year2 <- c("S&EMTF", "6-10fF", "11-15F", "16FELILE", "16FEL L")

> trans_data$fR#EFEE <- Factor(work year2[trans_data orig$lR#EFEE], levels =
unique(work _year2), ordered = T)

> table(trans_data$fRIEEH)

S5EPT  6-10F 11-15F 16FME R EEEH RS
12 13 15 15 5=>4
> \ _ \
> str(trans_data) 16-20% ~ 21FELPA E => 16D
"data.frame”: 55 obs. of 14 variables:
$ IR int 12345678910 ...
$ Al : Factor w/ 2 levels "8&","%4&": 1111111111 ...
$ HERE: Ord.factor w/ 3 levels "BEHF'<"gdhi"'<..: 1111111111 ...
$ RFEFEHE: Ord.factor w/ 4 levels "S5FELIT"<"6-10F"<..: 4 4 4 4 4 4 4 4 4 4 ...
$ al :int 5555144414 ...
$ alo :int 5543212354 ...

> trans_data$iRBEE

[11 164 E 165Dl E 165D E 164D E 16 F 165D E 165D E ..

Levels: 5&EPDIF < 6-10F < 11-154F < 164&FEM E

> as.integer(trans_data$iRBEL)

[1] 4 4444444444444 433333333333333322222
[36] 22222222111111111111
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al
Min.
1st Qu.:
Median :
Mean
3rd Qu.:
Max .

QU whrDNER

a6
Min.
1st Qu.:
Median :
Mean
3rd Qu.:
Max .

o wdswek

$al

1 2 3
2 6 9

.000
.000
.000
.527
.000
.000

.000
.000
.000
.818
.000
.000

5
29

a2
Min.
1st Qu.:
Median :
Mean
3rd Qu.:
Max .

GONDNDNPEPPFP

a7
Min.
1st Qu.:
Median :
Mean
3rd Qu.:
Max .

O OWWWER

> summary(trans_data[, 5:14])

-000
-000
-000
-109
-000
-000

-000
-000
-000
.236
-000
-000
> sapply(trans_data[, 5:14], table)

> trans_data$a8[trans_data_orig$a8 == 6] <- 5 # NA
> table(trans_data$a8)

a3 a4 ab
Min. :1.000 Min. :1.000 Min. 1.000
1st Qu.:3.000 1st Qu.:1.000 1st Qu.:2.000
Median :4.000 Median :2.000 Median :2.000
Mean :3.564 Mean :2.255 Mean t2.727
3rd Qu.:4.000 3rd Qu.:3.000 3rd Qu.:3.500
Max . :5.000 Max . :5.000 Max . :5.000

a8 a9 alo
Min. :1.000 Min. 1.0 Min. :1.000
1st Qu.:3.000 1st Qu.:2.0 1st Qu.:2.000
Median :5.000 Median :3.0 Median :3.000
Mean :4.073 Mean 3.2 Mean :3.164
3rd Qu.:5.000 3rd Qu.:4.5 3rd Qu.:5.000
Max . :6.000 Max . 5.0 Max . :5.000

HEHETRL-S -
&/MEBTREAR]
S ANEABERELES
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=Tl T sy r > trans_data <- trans_data orig
n B "TAERL TREE, > table(trans_data$a6)
s FRFAER i g 12 23 12
== — -~ dEEI=
FEARREL <==> "IEREE > trans_data$a6 <- 6 - trans_data$a6

s ETEENARREASSTE  BAk@sto - >1tag'e§trjnsgdata$a6)

m "1->5, "2->4,.."5->1, 15 20 16 3 1
>
> table(trans_data$a9)
> trans_data$a9 <- 6 - trans_data$a9
> table(trans_data$a9)

> likert 5 <- c("IFBEAREAE", "FAEE", "EE", "AE", "FERE"
> trans_data$al <- factor(likert 5[trans _data orig$al], levels = likert 5, ordered = T)
> trans_data$al

[1] FERE FERE FERE FERE FEARAE RBE E=

Levels: FFEARET < FEITE < EE < BAE < FREAE
> table(trans_data$al)
FEAEE rEE L& B2 FREER
3 12 10 13 17
trans_data_al_to_alO <- sapply(5:14, function(x){
factor(likert_5[trans_data[, x]], levels = likert 5, ordered = T)

colnames(trans_data al to al0) <- pasteO('"a'", 1:10)
head(trans_data al to _alO)
al a2 a3 a4 ab a6 ar’
[1.] FEERT  EEEEET EMERT CFAE CEETEE CEETART R

>
+
+ 1)
>
>
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> score_sum <- data.frame(HMFHENEEMEAE = rowSums(trans_data[, 5:10]),
+ M TFBEBEMA = rowSums(trans_data[, 11:14]),
+ HMBEBEEMA = rowSums(trans_data[, 5:14]1))
>
> head(score_sum) C A s

MAEMBENSE  AORTEEENE OHEEBEEMNE FEER . SEEAMNA: al ~ ab
; 12 12 g; TXIEO AR L BEAIINAR: a7 ~al0
3 19 10 29 r%”njj(-: EEJ FEE/JHDHIL:\ al Na:l.o
4 18 11 29
5 13 10 23
6 17 10 27
>
> score_average <- data.frame(H#HEWNEEFT = rowMeans(trans_data[, 5:10]),
+ HMFETBEBEFY = rowMeans(trans_data[, 11:14]),
+ AMBEBEBFI = rowMeans(trans_data[, 5:14]))
>
> head(score_average)

A ER EE T MEFEEETY  AEEEEETY
1 2.500000 4.00 3.1
2 3.000000 3.50 3.2
3 3.166667 2.50 2.9
4 3.000000 2.75 2.9
5 2.166667 2.50 2.3
6 2.833333 2.50 2.7

EHEBE IS ELHREHBERSS

BERHNERZITERE -
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» BHESHIEREARE - FAEBEN PRI -

s WMEETREBNCER SKERASEEERRIABERSNZE
IR R E
o T AIEVERNEEERET ) B9F19=2.7273
s T HIEORBEEE-E YT ) ;9F39=3.3182
s RABRETE ' ABRE BHEEVEISSR " HEEN, B
HEBFIIED -
s [PEEEERE - ANBOAEE -

> apply(score_average, 2, mean)
AN EE EE T AN 3857 8 fE | 9 A EEE w1
2.727273 3.309091 2.960000
> apply(score_average, 2, sd)
AN EE EE T AN 3857 38 fE | 19 AN E IR E w1
0.5926189 0.5610086 0.4724248
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. B7%E4R (PR, percentile rank): IEESZEEREEANEZIE FAONEE(DE) - EERPFIS
MNERZD - PREEHR99 -
= fIg0: PR=80 - &R1I00AWBRET - HAERENDECILIFBOE A -
. B (Pp, percentile point): &R FEE—BB D ZHRENDE -
n Bl P80=75 - B E#RABPR=80 - BB RMERTS7

> score_data <- read.csv(''data/Fi%& 1.csv')

> head(score_data) Xﬁ%ﬂ%&%ﬁﬁggﬁ%%&
PEaR 4RI BNER B3 RIEEES r e
1 1 1 60 66 63.0 =S Ak A

> dim(score_data)
[1] 50 5
> score_data$E{E
[1] 60 42 78 65 68 57 55 97 87 92 75 55 64 71 78 84 85 76 71

> rank(score_data$glZ) # rank(- score_data$fs)
[1] 9.0 1.0 29.5 12.5 15.0 7.0 3.0 47.0 38.5 43.5 24.0 3.0 11.0 18.5 29.5

> rank(score_data$#Z, ties.method = "first")
[1] 9 128 12 15 6 2 47 37 43 23 3 11 17 29 33 35 26 18 30 32 19 16 22 5 7

> library(dplyr)
> round(percent_rank(score_data$®{£) * 100)
[1] 16 0 55 22 29 10 2 94 73 86 45 2 20 33 55 65 69 51 33

> quantile(score_data$# &, probs = seq(0, 1, 0.1))
0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%
42.0 56.9 63.6 69.4 71.6 75.5 78.0 85.0 87.4 94.1 100.0
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scores <- c(75, 82, 90, 65, 88, 72, 95, 60, 78, 85)
percentile_75 <- quantile(scores, 0.75)

percentile_rank 80 <- sum(scores <= 80) / length(scores) * 100
cat("'75th Percentile:", percentile 75, "\n")

75th Percentile: 87.25

> cat("'Percentile Rank of 80:", percentile_rank 80, "%\n'")
Percentile Rank of 80: 50 %

>
>
>
>

» KEBERELEFESHEAR - UURKEMESERR

o

m EFFE— >=00;%5%F" - 80-89; %%: 70-79; ££3E09: 60-69; FFE H: <=59

> rank_table <- c('">= 90 80 89", "70-79" , ''60-69", "<= 60" D
> score_to_rank <- function(x){
+ group_id <- ifelse(x >= 90, 1,

>

> math_data <- score_to_rank(score_data$/£)
> table(math_data$rank)

>= 90 80-89 70-79 60-69 <= 60
9 10 16 7 8

>

> library(psych)

> describe(math_data$score)

vars n mean sd median trimmed mad min max range skew kurtosis se
X1 150 75.78 13.96 75.5 75.92 16.31 42 100 58 -0.16 -0.8 1.97

+ ifelse(x >= 80, 2,

+ ifelse(x >= 70, 3,

+ ifelse(x >= 60, 4, 5))))

+ data.frame(score = x,

+ rank = factor(rank_table[group_id], levels = rank_table, ordered = T),
+ row.names = NULL)

+ }
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Junk, Noisy Data, or Outlier

= Asin aphysics or statistics test, noise is a random error that occurs during the test
process to seize the measured data. No matter what means you apply to the data
gathering process, noise inevitably exists.

m Deal with noisy data using smoothing:

= Binning: This is a local scope smoothing method in which the neighborhood values are used
to compute the final value for the certain bin. The sorted data is distributed into a number of
bins and each value in that bin will be replaced by a value depending on some certain
computation of the neighboring values. The computation can be bin median, bin boundary,
which is the boundary data of that bin.

= Regression: The target of regression is to find the best curve or something similar to one in a
multidimensional space; as a result, the other values will be used to predict the value of the
target attribute or variable. In other aspects, it is a popular means for smoothing.

m Classification or outlier: The classifier is another inherent way to find the noise or
outlier. During the process of classifying, most of the source data is grouped into
couples of groups, except the outliers.
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o Graphical techniques: index plot, Boxplot side-
by-side, scatterplot, heatmap and so on.

= R packages:
m outliers: Tests for outliers - a collection of some
tests commonly used for identifying outliers.
m  extRemes: Extreme Value Analysis.
m in2extRemes: Into the extRemes Package, GUI to

some of the functions in the package extRemes.
(http://www.assessment.ucar.edu/toolkit/ )

s extremevalues: Univariate Outlier Detection

m Extreme Value Analysis(EVA) packages in R: evd,
evdbayes, evir, fExtremes, Imom,
SpatialExtremes, texmex, extRemes, ismev,
texmex, ismev

= Robust approaches to data with outliers:
Robustify the classical algorithm by replacing the
sample mean vector and covariance matrix with the
robust location and scatter estimators.

See also: Chapter 7, Outlier Detection, RDataMining-book-2015

Outliers detection in R:
https://statsandr.com/blog/outliers-
detection-in-r/

Stats and R

BLOG  ABOUT  NEWSLETTER  CONTACT

11
|

Outliers detection in R

Antoine Soetewey « 2020-08-11 - 21 minute read « R - Statistics

» Intreduction
* Descriptive statistics
o Minimum and maximum
o Histogram
o Boxplot
o Percentiles
o Z-scores
+ Hampel filter
« Statistical tests
o Grubbs's test
o Dixon's test
o Rosher's test
* Additional remarks

» Conclusion

s References
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= Graphical techniques: index plot, Boxplot side-by-side, scatterplot,
heatmap and so on.

= R packages:
m outliers: Tests for outliers

= A collection of some tests commonly used for identifying outliers.
https://cran.r-project.org/web/packages/outliers/index.html

= Grubbs' test (Grubbs 1969 and Stefansky 1972) is used to detect outliers in a univariate
data set. It is based on the assumption of normality. That is, you should first verify that
your data can be reasonably approximated by a normal distribution before applying the
Grubbs' test.

m  extRemes: Extreme Value Analysis.

m in2extRemes: Into the extRemes Package, GUI to some of the functions in the
package extRemes. (http://www.assessment.ucar.edu/toolkit/ )

s extremevalues: Univariate Outlier Detection

m Extreme Value Analysis(EVA) packages in R: evd, evdbayes, evir,
fExtremes, Imom, SpatialExtremes, texmex, extRemes, ismev,
texmex, Ismev

= Robust approaches to data with outliers

= Robustify the classical algorithm by replacing the sample mean vector and
covariance matrix with the robust location and scatter estimators.

See also: Chapter 7, Outlier Detection, RDataMining-book-2015
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chisqg.out.test: Chi-squared test for outlier

cochran.test: Test for outlying or inlying variance

dixon.test: Dixon tests for outlier

grubbs.test: Grubbs tests for one or two outliers in data sample.

Dixon, W.J. (1950). Analysis of extreme values. Ann. Math. Stat. 21, 4, 488-506.
Dixon, W.J. (1951). Ratios involving extreme values. Ann. Math. Stat. 22, 1, 68-78.

> library(outliers) Snedecor, G.W., Cochran, W.G.. (1?80). Stat.istical M§thods (sevepth edition). Jowa State University Press, Ames, lowa.
> dim(mpg) Grubbs, F.E. (1950). Sample Criteria for testing outlying observations. Ann. Math. Stat. 21, 1, 27-58.
[1] 234 11
> head(mpg, 3)
# A tibble: 3 x 11

manufacturer model displ year cyl trans drv cty hwy Tl class

<chr> <chr> <dbl> <int> <int> <chr> <chr> <int> <int> <chr> <chr>
1 audi a4 1.8 1999 4 auto(l5) T 18 29 p compact
2 audi a4 1.8 1999 4 manual(mb5) f 21 29 p compact
3 audi a4 2 2008 4 manual(m6) T 20 31 p compact
>
> summary(mpg$hwy)

Min. 1st Qu. Median Mean 3rd Qu. Max .

12.00 18.00 24.00 23.44 27.00 44.00 Index plot Histogram of mpgShwy
> par(mfrow = c(1, 2)) Sl e =i —
> plot(mpg$hwy, main = "index plot') 2 L - B
> hist(mpg$hwy) o8 & ° .

;E 848 9 0:% § % g é S
2 - @gﬁ% % ) R wo0|  E

mpg {ggplot2} | s %ﬁ 5 2 -
Fuel economy data from 1999 to 2008 for 38 N A ° o f —

popular models of cars 0 5
hwy: highway miles per gallon
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Assumption: the data (without any
outliers) are approximately normally
distributed.

Hypothesis:
m Hy: There are no outliers in the data set
m H;: There is exactly one outlier in the data set

Test Statistic: ESD (extreme studentized
deviate)

|X; — X|

ESD = max;—1 o
yreey S

Critical Region: For the two-sided test,
the hypothesis of no outliers is rejected if

The Grubbs test detects one outlier at
a time (highest or lowest value), so the
null and alternative hypotheses are as
follows:

if we want to test the highest value
m  Hy: The highest value is not an outlier
m Hj: The highest value is an outlier

if we want to test the lowest value.
m  Hy: The lowest value is not an outlier
m H;: The lowest value is an outlier

n—1 t2

ESD >
Vn n—2+t?

where 7 is short for t,,_, , and p = 1 — a/(2n).

Grubbs, Frank (February 1969), Procedures for Detecting Outlying Observations in Samples, Technometrics, 11(1), pp. 1-21.
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outliers

> test <- grubbs.test(mpg$hwy)

> test > # The p-value is 0.056. At the 5% significance
level, we do not reject the hypothesis that the
highest value 44 is not an outlier.

Grubbs test for one outlier

data: mpg$hwy

G = 3.45274, U = 0.94862, p-value = 0.05555
alternative hypothesis: highest value 44 i1s an outlier
>

test <- grubbs.test(mpg$hwy, opposite = TRUE)
test

V V V

Grubbs test for one outlier o )
> # At the 5% significance level, we do not reject the

data: mpg$hwy hypothesis that the lowest value 12 is not an outlier.
G = 1.92122, U = 0.98409, p-value =1
alternative hypothesis: lowest value 12 i1s an outlier

>

>

> dixon.test(mpg$hwy) oo

Error in dixon.test(mpg$hwy) : Sample size must be fh range 3-30 )
> \\~ ,/’
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CRAN Task View: Robust Statistical Methods
https://cran.r-project.org/web/views/Robust.html

m Robust Location and Scatter Estimators

m Media n, MAD (median of the absolute deviations from the median)

m M-estimator (Huber, 1964; Maronna, 1976)

m Stahel-Donoho estimator (stahel, 1981; Donoho, 1982)

= MVE (minimum volume ellipsoid), MCD (minimum covariance determinant) (Rousseeuw, 1983,
1984, 1985)

m S-estimator (pavis, 1987)

m Depth weighted and maximum depth estimators
(Zuo, Cui and He, 2004)

MVE (minimum volume ellipsoid)
e Affine equivariant with high breakdown points.

e The existing efficient algorithm for computation. Outlier values ~ 2 x \/xZ g5, + N (0,1)
e Readily available implementations. > qchisq(0.975,5)
e Ability to Identify extreme values. [1] 12.83250
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= The hypotheses used are:
H,: The sample data are not significantly different than a normal population.
: The sample data are significantly different than a normal population

par(mfrow=c(l, 2))

hist(iris$Sepal .Width)
ggnorm(iris$Sepal .Width)
gqline(iris$Sepal .Width, col="red")

V V V V

Histogram of iris$Sepal. Width Normal Q-Q Plot

— o

4.0

35

Packages: nortest
Five omnibus tests for
testing the composite
. hypothesis of normality:
— T ' o ad.test, cvm.test,
20 2.5 3.0 35 4.0 -2 -1 0 1 2 I i I I ie _test’
iris$Sepal Width Theoretical Quantiles pea rson. test ) Sf . test

Frequency
3.0

5 10 15 20 25 30 35
Sample Quantiles

=

20
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ks.test, ad.test, shapiro.test

s Kolmogorov-Smirnov (K-S) test (Chakravarti et al., 1967).
s The Anderson-Darling test (Stephens, 1974).
m The Shapiro-Wilk normality test (Shapiro and Wilk, 1965).

= Alarge p-value (larger than, say, 0.05) indicates that the
sample is not different from normal with the sample's
mean and standard deviation.

> library(nortest)
> ad.test(iris$Sepal .Width)

> X <- iris$Sepal _Width Anderson-Darling normality test

> ks.test(x, "pnorm®, mean(x), sd(x))
data: iris$Sepal.Width

A = 0.90796, p-value = 0.02023

|
> shapiro.test(iris$Sepal .Width)

One-sample Kolmogorov-Smirnov test

data: x
D = 0'10§66’ p—value_= 0'0702§ Shapiro-Wilk normality test
alternative hypothesis: two-sided
data: iris$Sepal.Width
Warning message: W = 0.98492, p-value = 0.1012
In ks.test(x, "pnorm”, mean(x), sd(x)) :
ties should not be present for the Kolmogorov-Smirnov test
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= Kolmogorov-Smirnov test:
m The test applies to continuous densities only.
= Itis more sensitive near the center of the density than at the tails than other tests;
m Fordatasetsn > 50.

= The Anderson-Darling test:

m  A-D testis a modification of the K-S test and gives more weight to the tails of the
density than does the K-S test. It is generally preferable to the K-S test.

= Shapiro-Wilks test:

m Doesn't work well if several values in the data set are the same.
m  Works best for data sets with n < 50, but can be used with larger data sets.

s W/S test (range(x)/sd(x)): simple, but effective.

= Jarque-Bera test (Jarque.test {moments}): tests for skewness and
kurtosis, very effective.

s D'Agostino test (agostino. test{moments}): powerful omnibus
(skewness, kurtosis, centrality) test.
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= Asghar Ghasemi and Saleh Zahediasl, Normality Tests for
Statistical Analysis: A Guide for Non-Statisticians, Int J Endocrinol
Metab. 2012 Spring; 10(2): 486-489.

assessing the normality assumption should be taken into account
for using parametric statistical tests.

The K-S test, should no longer be used owing to its low power.

It is preferable that normality be assessed both visually and through
normality tests, of which the Shapiro-Wilk test is highly
recommended.

m NOTE:;

If the data are not normal, use non-parametric tests.
If the data are normal, use parametric tests.
If you have groups of data, you MUST test each group for normality.

It's common seen that a model is built from the training data and is
then applied to the testing data. Did these two data sets follow the
same distribution?
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fitdistrplus

> 1nstall.packages("'fitdistrplus'™)
> library(fitdistrplus) Cullen and Frey graph
> X <- iris$Sepal.Length
> descdist(x, boot=1000) = ® Cbservation Theoretical distributions
summary statistics ° bootstrapped values  # normal
L unifarm

—————— _ B lexpopential

A - - | ogIstc
min: 4.3 max: 7.9 © - O e
median: 5.8 = lognormal
mean: 5.843333 = -\-‘-::‘x (Weibull%acﬁr;g;?u gamma and log
estimated sd: 0.8280661 @ T
estimated skewness: 0.314911 g 7 T T
estimated kurtosis: 2.447936 S o L
> fit.n <- Ffitdist(x, '"norm™) ~ R
> summary(Fit.n) M~ e el
Fitting of the distribution " norm - o e Tl

by maximum likelihood T e
Parameters : o — “8.
estimate Std. Error .

mean 5.8433333 0.06738557 e 4
sd 0.8253013 0.04764848 | | | ! !
Loglikelthood: -184.0398 0 1 2 3 4
AIC: 372.0795 BIC: 378.1008
Correlation matrix: square of skewness
mean sd
mean 1 0
sd 0 1

# rapidrFitFun {gAnalyst}: Function to obtain rapid fitting of multiple distributions
https://cran.r-project.org/web/packages/qAnalyst/index.html

Package ‘qAnalyst’ was removed from the CRAN repository.

Formerly available versions can be obtained from the archive.
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fitdistrplus

> fit.w <- fitdist(x, "weibull'™)
> fit.g <- fitdist(x, ""gamma')
> par(mfrow=c(1 ,4))
> plot.legend <- c(normal™, "weibull', "gamma'™)
> denscomp(list(fit.n, fit.w, fit.g), legendtext=plot.legend)
> qqcomp(list(fit.n, fit.w, fit.g), legendtext=plot.legend) > summary(Fit.w)
> cdfcomp(list(fit.n, Ffit.w, fit.g), Ilegendtext=plot.legend) | Fitting of the distribution
> ppcomp(list(fit.n, Fit.w, fit.g), legendtext=plot.legend) "weibull® by maximum likelihood
Parameters :
Histogram and theoretical densitie Q-Q plot estimate Std. Error
shape 7.454379 0.45168136
- 0 o ] p scale 6.208005 0.07209406
g .% ~ ] Loglikelihood: -190.7689
= 5w AIC: 385.5377 BIC: 391.559
2 o = & Correlation matrix:
[ - - [ i
T 2 2 P © normal shape scale
14 g o , etoul shape 1.0000000 0.3323758
= —————— W _ﬂoa| — ? | scale 0.3323758 1.0000000
45 55 65 715 3 4 5 6 T 8 .
data Theoretical quantiles >_ su_mmary(flt.g) - -
Fitting of the distribution
Empirical and theoretical CDFs P-P plot “gamma® by maximum Iikelihood
Parameters :
- @ - estimate Std. Error
o0 2 o shape 50.634073 5.827566
s g ° rate 8.665336 1.002253
= 7 e 7 Loglikelihood: -182.3061
o 2 - ol = - o normal AIC: 368.6122 BIC: 374.6335
] o= weibull = ] o weibull Correlation matrix:
o |d® gamma g— o o gamma Shape rate
e I I A W e T 1 — shape 1.0000000 0.9950669
45 55 B85 715 00 02 04 06 08 10 rate 0.9950669 1.0000000
data Theaoretical probabilities
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