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R Examples for Geo-processing

Task 1.1: Tornado damage assessment (Spatial Join)
Task 1.2: Creating a tornado density map (Spatial Join)
Task 2: Creating service areas (Buffer Zone)

Task 3.1: Identifying service areas (Distance Analysis)

Task 3.2: Geographical accessibility (Distance Analysis)



Introducing R functions for spatial analysis

Spatial Join (Point-In-Polygon): st_join()
Buffering: st buffer()

Merging Spatial Features: st _union()
Data Join: left_join() [dplyrE #]

Area Calculation: st _area()

Distance Matrix: st distance() + st is within distance ()




‘ Spatial Operational Functions in GIS

Spatial Intersection
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Spatial Operational Functions in GIS

Merging Features
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GIS layer (shp) Table (txt)
INPUT
OBJECT ID# | Landuse Code | Join Fields =¥ Landuse Code | Landuse Type
1 2 0 Unclassified
2 0 =+ 1 shrub
3 1 2 water
OUTPUT
OBJECT ID# | Landuse Code | Join Table Landuse Code | Join Table Landuse Type
1 2 2 water
2 o 0 Unclassified

3

shrub




Spatial Intersection: Flooding Risk Analysis
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1 A H

(A AR) aFHEa stk %

I ¥HH 4,306,266 10.4
KA He 2,777,436 6.7
8 M 1,225,045 3.0
EH 4,073,363 9.9
HEEH M 197,126 0.5
R 24,841,284 60.1
F M 575,589 1.4
HER LGN 2,653 0.0
B4 H 3,317,054 8.0
200-Yrsit e & 41,315,816 100.0

sABREBH EHEE S %
/NAD em 10,312,488 66.50
2-10 cm 3,889,655 25.08
10-15 cm 1,189,358 7.67
15-26 cm 115,955 0.75
200-Yrs BB 15,507,056 100.00




Spatial Intersection: Two-way table

¥R HEAKFEE )HOSom 5-10 cm 10-15cm  15-26cm #Z &% (P HF 2 R)
T ¥ Rl My 1,644,814 406,837 6,836 0 2,058,487
7K ) Fl M 440,763 956,183 841,913 85,017 2,323,876
38 A My 793,649 126,423 27,692 0 947,764
=g N ) 2,323,457 797,133 71,197 5990 3,197,776
EEA M 77,154 25,713 0 0 102,867
EXRAN 3,091,893 818,561 120,144 12,185 4,042,783
¥ A ¥, 287,854 185,023 32,250 3,366 508,493
BER L DR 780 628 0 0 1,408
H 4t A 1,652,125 573,154 89,326 8,997 2,323,602
AR E#ECEF 2R 10,312,488 3,889,655 1,189,358 115,555 15,507,056




KERIZEE
https://wenlab501.github.io/GE0G2017/DATA/
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Rdata REBZESHIEH? BE#E (2]
rm{1ist = 1s()) Data
2 blocks_sf 129 obs. of 29 variables
11ibr ar'_-'n:gf:u ) georgia2_sf 159 obs. of 15 variables
Tibrary(tmap) O places_sf 9 obs. of 2 variables
O torn_sf 46931 obs. of 24 variables

-|EI-EI_E||:". ;‘data;’Samp]EE. RD-EII-EL”:} D us_states_sf 49 pobs. of 52 wvariables




Data

Spatlal JOIn D blocks_sf 129 obs. of 29 variables
[ georgia2_st 159 ohs. of 15 variables
. . laces_sf 9 obs. of 2 variables
Selecting Layer 1 in the Layer 2 ‘Dtorn_sf 46931 obs. of 24 variables
D us_states_sf 49 obs. of 52 variables

Layer 1: tornados (torn_sf)
Layer 2: US States

Selecting tornados in the Area of Interest
(Texas, New Mexico, Oklahoma, Arkansas)




‘ Spatial Join

Layer 1: tornados (torn_sf) + Layer 2: US States

Simple feature collection with 6 features and 23 fields
geometry type: POINT

dimension: XY
bbox: xmin: -94.37 ymin: 33.27 xmax: -91.83 ymax: 36.15
CRS: +proj=TongTlat +ellps=WGs84
TORNADXOZ20 YEAR NUM STATE MONTH DAY DATE TOR_NO NO_STS STATE_TOR SEGNO STLAT STLON SPLAT SPLON
2 31950 1 05 1 13 1/13/1950 4 1 1 1 34.40 94.37 0.00 0.00
3 4 1950 2 05 2 12 2/12/1950 19 1 1 1 34.48 92.40 0.00 0.00
4 5 1950 3 05 2 12 2/12/1950 23 1 1 1 33.27 92.95 33.35 92.95
5 6 1950 4 05 3 26 3/26/1950 33 1 1 1 34.12 93.07 34.32 92.88
6 7 1950 5 05 3 26 3/26/1950 34 1 1 1 36.15 91.83 36.20 91.75
7 8 1950 6 05 3 26 3/26/1950 35 1 1 1 34.70 92.35 34.80 92.22
LGTH WIDTH FATAL INJ|DAMAGE |F_SCALE coords.xl coords.x2 geometry
2 7] 5 1 1 3 3 -94 .37 34.40 POINT (-94.37 34.4)
3 1 30 0 0 3 2 -92.40 34.48 POINT (-92.4 34.48)
4 57 30 0 0 4 2 -92.95 33.27 POINT (-92.95 33.27)
5 174 45 0 3 4 2 -93.07 34.12 POINT (-93.07 34.12)
6 57 60 0 1 5 3 -91.83 36.15 POINT (-91.83 36.15)
7 104 180 o 7 5 2 -92.35 34.70 POINT (-92.35 34.7)




FaHRRE SR : Spatial Join
Task 1.1: Tornado damage assessment
(creating a two-way table)

Arkansas New Mexico Oklahoma Texas
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FaHRRE SR : Spatial Join
Task 1.2: Creating a tornado density map
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‘ TAEARKR © Buffer Zone

Task 2: Creating service areas

Data

D blocks_sf
D georgia2_sf

O places_sf

129 obs. of 29 variables
159 obs. of 15 variables
9 obs. of 2 variables

D torn_sf
D us_states_sf

46931 obs. of 24 variables
49 obs. of 52 wvariables




‘ TEHARKR © Distance Analysis
Task 3.1: Identifying service areas

TOTAL_POP 13081
TOTAL_WHITE 8028.00001902
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FEHARY R : Distance Analysis
Task 3.2: Geographical accessibility
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Task 1.1: Tornado damage assessment

(creating a two-way table)

1. Mapping

2. Selecting area + clip

3. Spatial join

4. Creating new data frame

5. Crosstab analysis
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head (newdf)

Name Damage
Arkansas 3
Arkansas 3
Arkansas 4
Arkansas 4
Arkansas >
Arkansas >




Task 1.1: Tornado damage assessment

2. Selecting area+ clip

index <- us_states_sf$STATE_NAME == "Texas" |
us_states_sf$STATE_NAME == "New Mexico" |
us_states_sf$STATE_NAME == "Oklahoma" |
us_states sf$STATE_NAME == "Arkansas"

Aol_sf <- us_states_sf [index,]
Aol_bg <- tm_shape(Aol_sf) + tm_polygons("grey90")

torn_clip_sf <- torn_sf [Aol_sf, ]

torn_clip <- tm_shape(torn_clip_sf) + tm_dots(fill = "red", size = 0.04, fill_alpha = 0.5)
Aol_bg + torn_clip



Task 1.1: Tornado damage assessment

3. Spatial join + 4. Creating a new data frame

Aol_torn_sf <- st_join(torn_clip_sf, Aol_sf, join = st_within)

Aol torn_df <- as.data.frame(Aol torn_sf)

Aol_torn_df$STATE_NAME <- droplevels(Aol_torn_df$STATE_NAME)
newdf<- data.frame(Name = Aol _torn_df$STATE_NAME,
Damage= Aol_torn_sf$ DAMAGE)




Task 1.1: Tornado damage assessment

5. Crosstab analysis

> head(newdf)

Name Damage
Arkansas
Arkansas
Arkansas
Arkansas
Arkansas
Arkansas

s QL W R S W A I
[y [y [ A S TR RS

Count <- table (newdf$Damage, newdf$Name)

Count2 <- xtabs (~ newdf$Damage + newdf$Nam)




B8 1.1 : EEEIS

index <- us_states_sTISTATE_NAME == "Texas" |
us_states_sTSSTATE_NAME == "New Mexico" |
us_states_sTISTATE_NAME == "Oklahoma" |
us_states_sTSSTATE_NAME == "Arkansas"

AoI_st <- us_states_sf[index, ]
torn_clip_sf =- torn_sflAoI_st,]

Aol_torn_sf <- st_join(torn_clip_sf, Aol_sf, join = st_within)

AoI_torn_dfSSTATE_NAME <- droplevels(AoI_torn_df $STATE_NAME)
newdf<- data.frame(Name = AoI_torn_df$STATE_NAME,

Damage= AoI_torn_sTIDAMAGE)
newdf $Damage <- as.integer (newdfiDamage)

table(newdfSDamage, newdfiName)




10 min BT84 & #1

Fast_Food (points) : BithERIEA
Popn_TWN2 (polygons) : &i&1THEAO

Flr st join -y T A3 <2 % | g &

el N S22l S s



Task 1.2: Creating a tornado density map @;

(Counting points in polygons)

points_sf_joined <- st_join(torn_sf, us_states_sf, join = st_within)

table1 <- table (points_sf_joined $STATE_NAME)

count_sf <-as.data.frame(table1)
colnames(count_sf) <- c("STATE_NAME","Counts")

us_states_sf <- left_join (us_states_sf, df3) # dplyr package

areal <- st _area(us_states_sf) # unit; foot

areal <- set_units(areal, km”?2) # units package
us_states sfSAREA1 <- areal

us_states_sf$density <- us_states_sf$Counts / us_states_sf$AREA1

plot(us_states_sf["density"], breaks = "jenks", nbreaks = 6, pal=brewer.reds(6))




‘ dplyr::left_join()

left_join (us_states_sf, df3)

sf format data.frame

> head(us_states_sf)
Simple feature collection with 6 features and 51 fields
geometry type: MULTIPOLYGON > head(df3
g;mEHSiDH: XY' 124.7314 i 40.9943 b6. 9€ STATE_NAME| Counts

0X: xmin: -124. ymin: . xmax: -66.
CRS: +proj=longlat +ellps=WGS584 1 Alabama 1266

AREA [ STATE_NAME |STATE_FIPS SUB_REGION STATE_ABBR 2 Alaska 0

1 67286.88| washington 53 Pacific WA .
2 147236.03 Montana 30 Mtn MT 3 Arizona 196
3 32161.66 ) Mﬁine 23 N Eng ME 4 Arkansas 1291
4 70810.15 |[North Dakota 38 W N Cen ND . .
5 77193.62 |South Dakota 46 W N Cen SD 5| california 301
6 97799.49 wyoming 56 Mtn WY 5 Colorado 1631

a




B8 1.2 . FEEES

points_sf_joined <- st_join(torn_sf, us_states_sf, join = st_within)
tablel <- table(points_sf_joined$STATE_NAME)

count_sf <- as.data.frame(tablel)

colnames(count_sf) <- c("STATE_NAME","Counts™)

us_states_sf<- Teft_join(us_states_sf, count_sf)

areal<-st_arealus_states_sf) # unit: foot
areal<-set_units(areal, kmh2) # units package
us_states_sTTAREAl <- areal

us_states_sfiDensity <- us_states_sfTiCounts / us_states_sTIAREAL

plot(us_states_sf["Density"], breaks = "jenks",
nbreaks = 6, pal=brewer.reds(6))




10 min BT84 #2

Fast_Food (points) : BitHERIED
Popn_TWN2 (polygons) : &&{TEEA O

Fipdv 5o

FICH (AR ¥ R R

T



Task 2: Creating service areas

st_crs(places_sf)
st_crs(places_sf)<- st_crs(blocks_sf)

block_bg <- tm_shape(blocks_sf) + tm_polygons("grey90")
places_pts <- tm_shape(places_sf) + tm_dots(col = "#FB6A4A", size = 0.5)
block_bg + places_pts

places_buf_sf <- st_buffer (places_sf, dist = 3000)

places_but <- tm_shape(places_but_st) + tm_polygons("yellow")
block_bg + places_buf + places_pts

places_bufU_sf <- st_union(places_buf_sf)

places_bufU <- tm_shape(places_bufU_sf) + tm_polygons("yellow")
block_bg + places_bufU + places_pts



10 min BT84 #3
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Task 3.1: Identifying service areas

blocks_center _sf <- st centroid (blocks_sf)
blocks_center <- tm_shape(blocks_center_sf) + tm_dots(fill = "blue")
blocks_center + places_pts

st_distance (blocks_center_sf[1,], places_sf[2,])




‘ Distance matrix

distance.matrix

Units:

[US_survey_foot] num [1:129, 1:9]

> distance.matrix <- st_distance(blocks_center_sf, places_st)
> distance.matrix
[us_survey_foot]

Units:

[1,]
[2.]
[3.]
[4.]
[5.]
(6. ]
[7.]
&
g
D10, ]
]
[12,]

ntroids

15368.
14079,
15649.
15440,
16765.
20230.
10144.
19903.
10797.
10391.
10693.
16498.

[,1]
9406
7761
5754
8047
4483
5412
1070
0765
2070
0545
2968
5326

5448.
2702.
1755.
1298.
3179.
28215.
6767.
27110.
8809.
9925.
11074.
23953.

[,2]
429
521
740
718
382
109
446
731
865
199
266
083

20178.
20341.
226016.
22890.
24752,
10033.
15283.
10150.
14126.
13007.
12277.

7200.

[,3]
0134
0506
3985
8965
1461
9304
5915
5028
5185
6534
0756
0902

14801.
13859.
15673.
15611.
17133.
18353.
9452.
17975.
9703.
09124.
9256.
14557.

[,4]
6400
7754
7962
5919
6300
2333
4505
3860
2707
2215
7941
3282

24781.
24610.
26737.
26862.
28561.
12308.
19641.
13073.
18796.
17742.
17136.
11017.

[,5]
139
072
346
796
889
029
656
630
924
623
687
562

21397.
19585.
20592.
20072.
20832.
25092.
16527.
25127.
17543,
17255.
17628.
21920.

[,6]
9220
3929
6104
1415
3188
8183
2210
2629
1673
9078
4146
2886

places (e.g. hospital)

29805.
28865.
30545.
30345.
31607 .
20988.
24443 .
21861.
24344
23519.
23261.
19808.

[,7]
861
697
088
024
456
075
114
148
882
356
811
194

35214.
34127.
35681.
35399.
36521.
25634.
29861.
26687 .
29873.
29078.
28853.
24955,

[,8]
1327
9939
6991
5893
2749
8290
8132
5699
2287
8075
7237
9150

39097.
37608.
38818.
36351.
39144,
32375.
33875.
33345.
34284.
33647.
33612.
31385.

distance.matrix <- set_units ( distance.matrix, km)

[,9]
818
631
176
857
329
471
331
272
147
313
564
416




Using apply() function

near_dist<- apply ( distance.matrix, 1, mean)

near_dist [1]

Units: [km]

[.1] [.21 [.3] [ 4] [.5] [ 6] [ 7] [.8] [ 9]
[1,] 4.6844625 1.6606846 6.1502708 4.5115489 7.5533061 6.5220997 9.0848447 10.7332891 11.9170387
[Z,] &.29157243 0U.823730I ©.1999040 Z&.27244080 7.501100L 5.909039/7 8./9828720 10.407272333 I1.4031330
[3,]1 4.7700001 0.5351507 6.8934920 4.7773826 8.1495594 6.27660402 9.3101613 10.8758037 11.8318036
[4,] 4.7063667 0.3958501 6.9771592 4.7584227 8.1877967 ©.1180010 9.2491818 10.7898164 11.6896694
[5,] 5.1101189 0.9690774 7.5444692 5.2223409 8.7056813 6.3497035 9.6339718 11.1317069 11.9312154
[6,] 6.1662813 8.5999825 3.0583481 5.5940767 3.7514949 7.6483063 6.3971782 7.8135115 9.8680632
[7,] 3.0919300 2.0627218 4.6584480 2.8811127 5.9867886 5.0375070 7.4502760 9.1018989 10.3252214
[8,] 6.0664698 8.2633673 3.0938794 5.4789086 3.9848505 7.6588051 6.6632911 8.1343876 10.1636593
[9,] 3.2909953 2.6852522 4.3057715 2.9575628 5.7293138 5.3471681 7.4203348 9.1053783 10.4498289
[10,] 3.1671998 3.0252066 3.9647407 2.7810683 5.4079623 5.2596112 7.1687139 8.8632382 10.2557214
[11,] 3.2593234 3.3754430 3.7420601 2.8214765 5.2232725 5.3731515 7.0902143 8.7946326 10.2451301




MREAE

> near
[1]
[11]
[21]
[31]
[41]
[51]
[61]
[71]
[81]
[91]
[101]
[111]
[121]

[N RN RN R S WH N S A SN S Y s

dist

.97a727
.547189
LA44680
.BbE5944
.101440
.263219
.146566
.091489
.683979
.579319
.7 20148
.551878
. 664736

WERUYRN UV T RN S N S W . W

allk

i

. 630460
.801250
.132781
. 013989
.535758
.937443
. 858720
.882253
.923749
. 795259
.121290
.914578
. 540499

L g g g e e e LA LA

. 046666
.362223
.436491
.524350
.510927
.365297
. 351617
.887926
.933471
.659066
.839815
.833612
. 763959

(WYY USRS YR, T N S W o Y

. 985807
. 235401
.9997606
.552128
. 320297
.520851
.914714
. 778863
.823674
.563309
.820938
. 789689
722855

xid<- which.min (near_dist)

near_dist [xid]
blocks_sf [xid,]
blocks_sf$POP1990 [xid]

(VU VIN S TVRN . U S, I S S, W R

. 399809
144283
.132661
.615325
.767403
.492109
.492461
.777889
.473364
.633051
. 008507
.415499
.764110

(ORISR W [ - - - N N N - S A I =)

. 544138
.070403
. 929551
.557320
. 328288
.490339
.945327
.615707
.132668
. 270348
.453293
.479151
.867976

¥ =S W I WS R W [ T N N N -V S N o T WP R |

.0621767
. 327462
.952638
.505207
. 066674
. 371281
. 289678
.106746
.456322
.486571
. 578081
.657364
. 006165

VR RN IR R N A A L = T =

.611958
.851863
.497788
. 273496
.516341
.073150
.140002
.929693
.868349
.681511
. 380022
.895911
.452278

LA L L ) P P e LA LA P LA LA

.699067
.181627
.837457
. 804457
.385336
.647792
. 500801
. 226380
.997306
.510291

6601813321073
.913929 5.516730
. 089665

N VI TS N - W I e I |

.543718
. 907600
.121482
.031492
. 698343
. 065616
.934279
. 654365
. 020446

e BEry R EE s A HY block id = “110”

block id = “110"HYRLE - EERE = 3.32017

PiEEHEZ block

&% blockiy A 18 (POP1990)



Identifying service areas
=3yt Y NN =Y B
min_dist<- apply(distance.matrix, 1, min)

sel blocks<- min_dist < 1000

sel sf <- blocks sf [sel blocks, ]

sel_map <- tm_shape(sel_sf) + tm_polygons("yellow")

block_bg + sel_map + places_pts




RS —TERBEEE ; st is_within_distance()

d1<- set_units(1, km)

— sel_blocks = st_is_within_distance (blocks_center_sf, places_sf, dist = d1)

sel_blocks <- lengths(sel_blocks) > 0O
sel_sf <- blocks_sf [sel blocks,]
sel_map <- tm_shape(sel_sf) + tm_polygons("yellow")

block_bg + sel_map + places_pts

> sel_blocks

Sparse geometry binary predicate 1list of length 129, where the predicate was “is_within_distance’
first 10 elements:

1:@1pty)
2: .
3.7 i.d. of place_sf
4: 2

5: 2

6: (empty)
7: (empty)
8
9:
1

: (empty)
(empty)
0: (empty)




st_is_ within_distance() -- #&
( ESE—BERN1IAERISINE )

sel_blocks = st_is_within_distance (blocks_center_sf, places_sf[3,], dist = d1)
sel_blocks <- lengths (sel_blocks) > 0

sel_sf <- blocks_sf [sel blocks,]

sel_map <- tm_shape(sel_sf) + tm_polygons("yellow")

block_bg + sel_map + places_pts

TOTAL POP <- sum(sel_sf$POP1990)

TOTAL_WHITE <- sum(sel_sf$POP1990 * (sel_sf$P_WHITE/100) )



Task 3.2: Geographical accessibility

> eth

wWhite Black Native Asian Other
17000.001 208499.99907 1399.99957 99.99946 12600. 0009

32800.000 65999.999/6 100.00039  199.99979 500. 0000
15300.000 114299.99971 699.9998/ £99.99987 2600.0003

0
1 267499.999 32099.99909 599.99970 1600.00021 5299.9994
2
3

= eth.access

sel_blocks white Black Native Asian Other

FALSE 3526300 2957100 21600 172800 333300
TRUE 3502000 1763700 18600 141800 617800

eth<- as.data.frame(blocks _center_sf[,14:18])

eth<- as.matrix(eth[,1:5])

eth<- apply(eth, 2, function(x) (x*blocks_center_sf$POP1990))
colnames(eth)<- c("White","Black”,"Native","Asian","Other")

eth.access <- xtabs (eth~sel blocks)



Task 3.2: Geographical accessibility (cont’d)

> eth.access

sel_blocks White Black Native Asian Other

FALSE 3526300 2957100 21600 172800 333300
TRUE 3502000 1763700 18600 141800 617800

> eth.access
sel_blocks  var? Freq
FALSE White 3526300

Pop
&

\ 4

WA P Ll

TRUE White 3502000
FALSE Black 2957100
TRUE Black 1763700 - |
FALSE Native 21600 we s

Native
Eths

eth.access <- as.data.frame(eth.access)
colnames(eth.access) <- c("Access","Eth5","Pop")

library(ggplot2)
ggplot(eth.access) + aes(fill=Access, y=Pop, x=Eth5) +
geom_bar(position="stack", stat="identity")

Asian

ccccc



Review: R functions for spatial analysis

Spatial Join: st _join()

Buffering: st buffer()

Merging Spatial Features: st _union()
Point-in-Polygon: crosstab analysis
Data Join: left _join()

Area Calculation: st_area()

Distance Matrix: st_distance() and
st_is_within_distance()



@Eﬁéj Fast_Food (points) ~ #* # i& 8 & = %
Taipei_Vill (polygons) & A% 2 2 A v #

) » $ 0§ F Tkma PR RPN 91l E hE 5 54
@%’Léhﬁ FESREFAH TR R 3 FF
RS RARR?E UL B > PSR RLH -
e SR PR F LkmG PRI R ot E B
BLE R AR EZE R Y DIRIRER o TS MR b S AT A
PRAF D135 2 iR it o R oRip R AR § § ¥ RGP R 5

FRUGE R > LEFFLOEEET I HEEH L R



B8  EHERAE(F

QL.;:1H TRt ARE | BEFHEEREMERE (1<t intersection)
Q. I AIHRITHE (B NEES ERKEBH
Q3.Flfst buffer EMRBEHEME (HEFERAE+ SHHL km IRFBEEE )

https:.//wenlab501.github.io/GEOG2017/

(2] REFGISEH®

B BEREBEVR H> BFEARSE

@ﬂm;a @LABZ .nm R¥A
@ RERLHE @ OSM @ LEAFLET




== B P v A EE
BEESEZERE
https://wenlab501.github.io/GE0G2017/LAB/Lab2.html

V- RS E ¥ BAER? YRR 2 VA S ¥ PRI Rk 2

-
L

TR TH]

# [1] "FEZ(SdbEm" # [1] "EBE"




ZIK?E«E% #Ql Fast_Food (points) 5 #“# & & Ji i~ %

Taipei_Vill (polygons) & A% 2 2 A v #

RF W v &R ¥ @4 %R > iF 2 chainstore(d) g
Tl VO RIRIFE T (d)vs. K B Rl £ o

S

I gk ek LIRNNE

» distance

FE A d 2R L S



ZIS?E«E$ #Qz Fast_Food (points) 5 #“# & & Ji i~ %
g

Taipei_Vill (polygons) & #* 7 ¢

R AT (Y L+ Z 4+ ) BER(E R+m b)) oy &

FI* B w22 0 TR ARDIEE RE A RHERA
H EEEZ N BE o (RF+L & (d) = 1.5 km)

%0k AR AR X i MR -



!

Rit-

&

T T T
uwy (=] u

(2 EZBEOEERESEE

BR#5+1E(d)




SEHE #2

# Step 1: Determine the null and alternative hypotheses

# HOABZEXERZESRBE, ABHE#EEZXEEF1. 5 A EEFH<=BEH
# HIABEEEZSKBE, ABNEHEREETL. S EENTFH>BEH

# EERTE

#

# Step 2: Verify necessary data “conditions”, and if met, summarize

# Step 3: Assuming the null hypothesis is true, find the p-value
p_value=8.729

# Step 4: Decide whether or not the result is statistically significant based on the p-value.
alpha22 = 8.85
if (p_value < alpha22){
print("EEEERRFEER")
lelse{ print("ZEZEEEZESR")]

# Step 5: Decide whether or not the result is statistically significant based on the p-value
# BBp valueXe.05 » MABEETERR  HESAETE BB ZESRBE, ABHE#EEZREET]. 5 BERTFH<=BEL]




