Graphic Bundle

Chapter 1: Introduction to Machine Learning
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Deep Learning learns layers of features




Chapter 2: Classification
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Residuals vs Fitted

Theoretical Quantiles

Im(Species ~ Area + Elevation + Nearest)
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Scale-Location
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Normal Q-Q
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Chapter 3: Clustering

Country new.forest Rural log.co2  log.GNI log.Energy.2011 LifeExp Fertility InfMort log.Exports
1 china -5.929375 46.832 1.83973304 §.651724 7.615477 75.19951 1.6630 10.9 3. 350966
2 India -2.735634 68.006 0.56883558 7.346010 6.419537 66.21085 2.5050 41.4 3.172485
3 united States -1.688899 18.723 2.8715377 0. B&5707 8§.B58293 7B.74146 1.8805 5.9 2.604613
4 Indonesia 4.636429 47,748 0.64354020 8.13739%6 6.753775 70.60724 2.3700 24.5 3.271911
5 Brazil 3.222813 14.829 0.81104934 9,362203 7.223405 73.61788 1.8110 12.3 2.475628
& Pakistan 6.053449 62.140 0.03161348 7.130899 6.177147 66.43588 3.2640 69.0 2.636213
log. Imports CellPhone Ruralwater Pop
1 3.259900 88.70833 84.9 1357380000
2 3.408213 70.78318 90.7 1252139596
3 2.844193 95.52955 98.0 316128839
4 3.216865 121.54341 76.4 249865631
5 2.535485 135. 30505 85.3 200361925
& 2.942568 70.13038 89.0 182142594
new. forest Rural log.co2 log.GNI log.Energy.2011 LiTeExp Fertility
[1,] -1.586800¢ 0.33809236 0.73384701 0.032982335 0.4788446547 0.442646915 -0.822234191
[2,] -0.8025212 1,35749860 -0.24330597 -0.8569172134 -0.73789445%063 -0,5393232031 -0.159983330
[3,] -0.54534767 -1.01519422 1.532716910 1.562685765 1.7432739991 0.830831828 -0.631165827
[4,] 1.0078203 0.38219240 -0.18586705 -0.322381407  -0.3078432411 -0.086570641 -0.266153604
[5,] 0.6006817 -1.20206791 -0,05707343 0.523872116 0.0799530232 0.200374720 -0.705829052
[6,] 1.355794€ 1.07508446 -0.65635910 -1.017798652 -0.9844993561 -0.567300156 0.436986270
[7,] 1.6450615 0.67866475 -1.08103307 -0.550027966 -0.5744934561 -2.218369065 2.590481349
[8,] 0.3497634 1,32095712 -1.25862465 -1.300715181 -1.8348802089 -0,122580415 -0. 393580130
[9,] -0.1747622 -0. 65767506 1.25049678 0.586262385 1.4190262396 -0.103436031 -0.879650240
[10,] -0.2368652 -1.55508378 1.032273482 1.408270384 1.0049522402 1.352672723 -1.021224058
[11,] 0.5746262 -0. 89069320 0.35853091 0.399324140 0.2110563885 0.665706675 -0. 387287961
[12,] -1.182239¢ 0.74900349 -0.70159339 -0.424525130 -1.110365%4624 -0.323232448 0.289120282
[13,] 1.1725015 2.00282406 -2.02269355 -1.7B8005101 -1.2227708545 -0.967184767 1.520812500
[14,] -1.8746588 1.34233316 -0.21681716 -0.869172134 -0.6086747631 0.489570472 -0.739649464
[15,] -2.061503C 0.82641943 0.08947721 -0.417534229 -0.2637797396 -0.052006755 0.077546076
[16,] -0.5644195 -0.70769693 1.02684921 1.460760873 1.1200997628 1.098744717 -1.044819694
[17,] -1.216283¢ -0. 58637343 0.42838526 0.472760143 0.1976392919 0.403801606 -0.509985270
[18,] 0.280186€ 0.58964604 0.48373630 -0.026258292 0.3309491604 0.326074452 -1.019651015
[19,] -0.9229715 -0. 90821771 0.65157461 1.408179559 1.1353905714 1.291565851 -0.549311330
[20,] -0.9411997 -1.05443178 0.91454541 1.346769294 0.8673628225 1.168733729 -0.635828664
[21,] -1.298037E -0.40901003 0.81045102 1.280754422 0.6133720930 1.334290068 -1.029089270
[22,] -0.1307375 -0.17319952 1.02062379 0.216483671 0.7848175740 -1.758631201 -0.233129803
[23,] 0.258%093 -1.06159043 1.20255376 1.042015543 1.4423618992 1.153555388 -1.110100855
[24,] 1.0048703 1.44406195 -1.73971591 -1.560358631 -1.05906872047 -1.211443610 2.0281185682
[25,] 0.3322161 -0.75550416 -0.25947626 0.173495699 -0.6463659711 0.278720842 -0.308635839
[26,] -1.5629512 -0. 91178038 0.68271981 1.162638223 0.7642100131 1.2609922662 -1.092010967
[27,] -0.6891154€ -0, 43731885 0.78693642 -0.279306870 0.7940268971 -0.047754009 -0.926034991
[28,] 0.5222651 1.70481118 -1.37793791 -1.268194911 -0.9876392491 -1.184161949 1.376879119
[29,] 0.7029651 -0. 44868089 0.26734982 -0.064126848 -0.1365866710 -0.054896262 0.087770852
[30,] 2.324940¢ 1.28G91914 -1,36437824 -0.910502419 -1.2940081404 -1,09418250L 1.40Q2047797
[31,] -0.1307375 -1.02458235 1.39001657 1.539876352 1.7858879570 1.138545697 -0.863919815
[32,] -0.5276118 -0.43674112 0.34646874 0,080812552 -0.0009236421 -0.243922811 1.083506700
[33,] -0.4797723 0.04768627 -0.27296128 -0.433957743 -0.8698178137 -0.082444949 -0.001892567




[1] "china" "India" "United states" "Indonesia" "Brazil"

[6] "pakistan” "Nigeria" "Bangladesh” "Russian Federation” "Japan”

[11] "Mexico" "philippines” "ethiopia” "vietnam” "Egypt, Arab Rep."
[16] "Germany" "Turkey" "Thailand" "France"” "united kingdom"
[21] "Italy" "south africa" "Korea, Rep." "Tanzania" "Colombia"

[26] "spain"” "ukraine" "Kenya" "algeria” "sudan”

[31] "canada" "Iraq"” "Morocco" "peru" "uzbekistan"
[38] "Malaysia" "saudi Arabia” "Nepal” "Ghana" "Mozambigue"
[41] "australia” "cameroon” "angola” "sri Lanka” "cote d'Ivoire”
[46] "chile" "kKazakhstan" "Netherlands" "Ecuador" "Guatemala"

[51] "cambodia” "Zambia” "Zimbabwe" "senegal” "Belgium"”

[56] "Greece" "Tunisia” "polivia” "Czech Republic” "portugal”

[61] "pominican Republic” "Benin” "Haiti” "Hungary" "Sweden”

[66] "Belarus" "azerbaijan" "united Arab Emirates” "Austria” "Tajikistan"”
[71] "Honduras" "switzerland" "Israel" "pulgaria"” "serbia"

[?.6] "Togo" "paraguay” "Jordan” "l salvador” "Nicaragua”
call:
hclust{d = distl, method = "ward.Dp")
Cluster method : ward.D
Distance : euclidean

Number of objects: B0

Clustering for 80 Most Populous Countries
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Clustering for 80 Most Populous Countries
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helust (%, "ward.D")
Cchina India United States Indonesia Brazil
1 2 1 2 2
pakistan Nigeria Bangladesh Russian Federation Japan
3 4 3 1 1
Mexico Philippines Ethiopia vietnam Egypt, Arab Rep.
2 2 4 5 2
Germany Turkey Thailand France united Kingdom
5 1 5 1 1
Italy south africa Korea, Rep. Tanzania Colombia
1 1 5 4 2
Spain ukraine Kenya Algeria sudan
1 5 4 2 3
Canada Iraq Morocco Peru uzbekistan
1 2 2 2 2
Malaysia Saudi Arabia Nepal Ghana Mozambique
5 1 3 3 4
Australia Cameroon Angola sri Lanka Cote d’'Ivoire
1 4 4 3 4
chile kazakhstan Netherlands Ecuador Guatemala
1 1 5 2 2
cambodia zambia Zimbabwe senegal Belgium
3 4 3 3 5
Greece Tunisia Bolivia czech Republic Portugal
1 5 2 5 1
ominican Republic Benin Haiti Hungary Sweden
2 3 3 5 5
Belarus Azerbaijan united Arab Emirates Austria Tajikistan
5 2 5 5 3
Hondur as Switzerland Israel Bulgaria serbia
3 5 1 5 1
Togo Paraguay Jordan el salvador Nicaragua
4 3 5 2 3




[1] "countries in Cluster 1"

[1] china uUnited states Russian Federation Japan Turkey
[6] France united Kingdom Italy south Africa spain
[11] canada saudi Arabia Australia chile Kazakhstan
[16] Greece Portugal Israel serbia
80 Levels: Algeria angola Australia austria Azerbaijan Bangladesh Belarus Belgium Benin Bolivia ... Zimbabwe
[1] " "
[1] "countries in Cluster 2"
[1] India Indonesia Brazil Mexico Philippines
[6] Egypt, Arab Rep. colombia Algeria Iraq Morocco
[11] Peru uUzbekistan Ecuador Guatemala Bolivia
[16] pominican Republic Azerbaijan El salvador
80 Levels: Algeria angola Australia austria Azerbaijan Bangladesh Belarus Belgium Benin Bolivia ... Zimbabwe
[1] " "
[1] "countries in Cluster 3"
[1] pakistan Bangladesh sudan Nepal Ghana sri Lanka cCambodia Zimbabwe  Senegal
[10] Benin Haiti Tajikistan Honduras  Paraguay  Nicaragua
80 Levels: Algeria angola Australia austria Azerbaijan Bangladesh Belarus Belgium Benin Bolivia ... Zimbabwe
[1] " "
[1] "countries in Cluster 4"
[1] nigeria Ethiopia Tanzania Kenya Mozambigque Cameroon Angola
[8] cote d'Ivoire Zambia Togo
80 Levels: Algeria angola Australia austria Azerbaijan Bangladesh Belarus Belgium Benin Bolivia ... Zimbabwe
[1] " "
[1] "countries in Cluster 5"
[1] wietnam Germany Thailand Korea, Rep. ukraine
[6] Malaysia Netherlands Belgium Tunisia czech Republic
[11] Hungary sweden Belarus united Arab Emirates Austria
[16] switzerland Bulgaria Jordan
80 Levels: Algeria angola Australia austria Azerbaijan Bangladesh Belarus Belgium Benin Bolivia ... Zimbabwe
[1] " "
[1] sphagnum Moss Brown Litter Big-leaved Aster Mosses (Non-sphagnum) Labrador Tea
[6] Leatherleaf Ggrasses (Unidentified) sedges (uUnidentified) Bog False Solomon Seal gracken Fern
[11] Bunchberry Lowbush Blueberry creeping snowberry wild sarsaparilla Ground Pine
[16] spruce (Black) Brier small cranberry Maple (Mountain) Hazelnut (Beaked)
[21] maple (Red) starflower canadian Mayflower Blue-bead Lily Twisted stalk
[26] Fungi Bush Honeysuckle COTTON Grass Bedstraw (Narrow Leaves)
[31]
[36]
[41]
[46]
[51]
[56]
[61]

30 Levels: Bedstraw (Narrow Leaves) Big-leaved aster Blue-bead Lily Bog False solomon Seal Bracken Fern Brier Brown Litter ... wild sarsaparilla




PlotID Overstory.Species SPHA BLIT ASMA MOS5 LEGR CHCA GRAS SEDG SMTR PTAQ COCA VAAN GAHI ARNU LYOB

PIMA RUBU VAOX ACSP COCO ACRU TRBO MACA

1 2 Aspen 68 o 3 33 5 5 0 o o 4 28 0 0 1 0 6 0 0 0 0 0
2 3 spruce O 6 18 2 0 © 5 0 O 2 O © © 7 0 0o 6 0 2 1 2 2 2
3 12 aspen 60 1 0 © 5 9 12 1 14 o 0O O 2 © O 3 0 4 ©0 0O 0 0 0
4 14 Aspen 16 14 0 72 14 1 2 @ 13 o0 0o S5 7 © 0 2 0 1 © 0 0 0 0
5 15 Aspen 68 7 0 30 27 8 4 0 12 (1] V] 5 13 0 0 3 0 3 0 0 0 0 0
6 16 spruce 0 14 14 3 0 0 2 o 0o 1 0 0 0 2 1 0 1 0 17 6 10 1 0
7 18 Aspen 62 7 0O 3 & 12 4 © © O O O O © O0 13 0 5 © 0 0 0 0
8 19 Aspen 62 5 0 o0 6 28 1 © © ©0 O O O © ©0 15 O 5 © 0 0 0 0
9 20 spruce O 5 & 14 0 o0 4 6 0 14 10 3 0 0O 6 0O © 0 1 8 1 1 0
10 21 spruce 0 16 26 5 0 © 1 0 0 18 6 10 0 10 11 0 2 0 1 5 5 4 4
11 26 Spruce O 25 3% 3 0 © S5 3 0O 6 7 © 0 0O 0 0 1 0 0 2 & 4 4
12 8 Aspen 82 10 0 10 24 12 8 0 6 (1] V] 4 2 0 0 2 0 1 0 0 0 0 0
13 39 Aspen 60 3 0 34 24 0 5 0 9 (1] 1 5 4 0 1 6 0 4 0 0 0 0 0
14 41 Aspen 72 17 0 4 & O 3 © 5 ©0 o0 5 6 ©0 1 1 0 O © O 0 0 0
15 42 Aspen 34 14 0 3% 15 1 0 5 &6 O 4 9 & o0 1 4 0 2 © 0 0 1 0
16 43 Aspen 32 13 o0 34 28 3 o0 © 6 O O 5 5 © 0 2 o0 1 © 0 0 0 0
17 45 Aspen 55 25 o0 & 7 4 0 1l 4 0 O 5 3 © 0 0O O 2 © 0O 0 0 0
18 47 Aspen 6 8 0 5 9 8 1 32 2 0 0O S5 4 ©0 O 2 0 5 © 0 0 0 0
19 48 Aspen 64 12 0 13 [ 0 10 2 10 (1] V] 0 1 0 7 1 0 0 0 0 0 0 0
20 49 Aspen 48 5 0 [ 1 0 5 14 5 (1] 1 2 2 0 0 0 0 1 0 0 0 0 0
21 50 Aspen 38 18 0 38 11 o0 2 6 4 ©0 2 o0 3 © 0 0O O 1 © 0 1 0 0
22 51 Aspen 74 3 0 2 3 17 1 © 2 ©0 O O O © O 6 0 3 © 0 0 0 0
23 52 Aspen 8 3 0 5 3% 9 17 1 © ©0 0O o0 4 © ©0 1 0o 2 © 0 0 0 o0
24 54 Aspen 62 16 0 © 22 10 5 @ 7 1 0O 4 3 © 0 1 0 2 © 0 0 0 0
25 55 Aspen 38 30 o0 18& 4 2 0 2 6 O O S5 6 ©0 O 4 0 2 © 0 0 0 0
26 56 Aspen 68 13 0 [ 34 5 0 5 2 (1] V] 2 3 0 0 6 0 4 0 0 0 0 0
27 57 Aspen 72 5 0 4 17 20 0 14 (4] (1] V] 0 4 0 0 3 0 4 0 0 0 0 0
28 62 Aspen 86 1 0 12 7 20 17 6 ©0 ©0O O O O O O 4 0O 4 0O 0O 0 0 O
29 63 Aspen 56 8 o0 1 12 12 6 © © ©0 O O O © ©0 8 0 3 ©0 0 0 0 o0
20 64 Aspen 56 0 O 6 6 24 0O 34 ©0 O O O O © O 7 0 4 ©0 0O 0 0 0
31 68 Aspen 62 8 0 9 4 5 1 10 1 o0 O o0 5 © ©0 1 0o 5 © 0 0 0 0
32 69 spruce 1 15 1 5 ©o © 2 o o0 2 1 7 1 1 3 0o © 0 o 2 1 1 3
EE] 71 spruce 1 20 16 5 0 0 2 2 (4] 4 5 3 0 4 2 0 3 0 0 1 2 0 2
34 72 spruce 0 32 14 4 0 0 1 0 (4] (1] 4 0 0 5 5 0 4 0 3 2 2 5 4

SPHA BLIT ASMA MOSS LEGR CHCA GRAS SEDG SMTR
[1,] 1.2641384 -0.24208432 -0.77255673 -0.50604541 2.54875930 0.19309198 0.36896403 -0.49052647 2.6140567
[2,] -0.9204396 -0.95979313 0.65894545 -0.58972221 -0.65297519 -0.55782127 0.36896403 -0.49052647 -0.5529735
[3,] 1.0071292 -1.40836113 -0.77255673 -0.75707581 -0.16786391 0.79382257 2.37776818 -0.35498626 2.6140567
[4,] -0.4064213 -0.24208432 -0.77255673 5.26765381 0.70533641 -0.40763862 -0.49195204 -0.49052647 2.3878403
[5,] 1.2641384 -0.87007953 -0.77255673 1.75322820 1.96662576 0.64363992 0.08199201 -0.49052647 2.1616238
[6,] -0.9204396 -0.24208432 0.34083385 -0.50604541 -0.65297519 -0.55782127 -0.49195204 -0.49052647 -0.5529735
[7,] 1.0713815 -0.87007953 -0.77255673 -0.50604541 -0.07084165 1.24437052 0.08199201 -0.49052647 -0.5529735
[8,] 1.0713815 -1.04950673 -0.77255673 -0.75707581 -0.07084165 3.64729290 -0.77892406 -0.49052647 -0.5529735
[9,] -0.9204396 -1.04950673 -0.13633354 0.41439939 -0.65297519 -0.55782127 0.08199201 0.32271478 -0.5529735
[10,] -0.9204396 -0.06265712 1.29516864 -0.33869181 -0.65297519 -0.55782127 -0.77892406 -0.49052647 -0.5529735
[11,] -0.9204396 0.74476529 2.24950342 -0.50604541 -0.65297519 -0.55782127 0.36896403 -0.08390584 -0.5529735
[12,] 1.7139045 -0.60093872 -0.77255673 0.07969219 1.67555898 1.24437052 1.22988009 -0.49052647 0.8043251
[13,] 1.0071292 -1.22893393 -0.77255673 2.08793540 1.67555898 -0.55782127 0.36896403 -0.49052647 1.4829745
[14,] 1.3926430 0.02705648 -0.77255673 -0.42236861 -0.07084165 -0.55782127 -0.20498002 -0.49052647 0.5781087
[15,] 0.1718494 -0.24208432 -0.77255673 2.25528900 0.80235867 -0.40763862 -1.06589608 0.18717457 0.8043251
[16,] 0.1075971 -0.33179792 -0.77255673 2.08793540 2.06364801 -0.10727332 -1.06589608 -0.49052647 0.8043251
[17,] 0.8464985 0.74476529 -0.77255673 -0.08766141 0.02618061 0.04290933 -1.06589608 0.B86487561 0.3518923
[18,] 1.1356338 -0.78036593 -0.77255673 -0.33869181 0.22022512 0.64363992 -0.77892406 3.84676019 3.9713554
[19,] 1.1356338 -0.42151152 -0.77255673 0.33072259 -0.07084165 -0.55782127 1.80382414 -0.21944605 1.7091909
[20,] 0.6216155 -1.04950673 -0.77255673 -0.25501501 -0.55595294 -0.55782127 0.36896403 1.40703644 0.5781087
[21,] 0.3003540 0.11677008 -0.77255673 2.42264260 0.41426964 -0.55782127 -0.49195204 0.32271478 0.3518923
[22,] 1.4568953 -1.22893393 -0.77255673 -0.58972221 2.64578156 1.99528376 -0.77892406 -0.49052647 -0.1005406
[23,] 1.8424091 -1.22893393 -0.77255673 -0.33869181 2.83982607 0.79382257 3.81262829 -0.35498626 -0.5529735
[24,] 1.0713815 -0.06265712 -0.77255673 -0.75707581 1.48151447 0.94400522 0.36896403 -0.49052647 1.0305416
[25,] 0.3003540 1.19333330 -0.77255673 0.74910659 -0.26488616 -0.25745597 -1.06589608 -0.21944605 0.8043251
[26,] 1.2641384 -0.33179792 -0.77255673 -0.25501501 2.64578156 0.19309198 -1.06589608 0.18717457 -0.1005406
[27,] 1.3926430 -1.04950673 -0.77255673 -0.42236861 0.99640318 2.44583171 -1.06589608 1.40703644 -0.5529735
[28,] 1.1998861 -1.40836113 -0.77255673 0.24704579 0.02618061 2.44583171 3.B81262829 0.32271478 -0.5529735
[29,] 0.8786246 -0.78036593 -0.77255673 -0.67339901 0.51129190 1.24437052 0.65593605 -0.49052647 -0.5529735
[30,] 0.8786246 -1.49807473 -0.77255673 -0.25501501 -0.07084165 3.04656230 -1.06589608 4.11784060 -0.5529735
[31,] 1.0713815 -0.78036593 -0.77255673 -0.00398461 -0.26488616 0.19309198 -0.77892406 0.86487561 -0.3267571
[32,] -0.8883135 -0.15237072 0.10225016 -0.33869181 -0.65297519 -0.55782127 -0.49195204 -0.49052647 -0.5529735
[33,] -0.8883135 0.29619729 0.49988965 -0.33869181 -0.65297519 -0.55782127 -0.49195204 -0.21944605 -0.5529735
[1] "aspen” “sSpruce” "Aspen” “Aspen” “Aspen” “Spruce” "Aspen” “Aspen” “Spruce” "Spruce” "Spruce”
[12] "Aspen” "Aspen” “Aspen” "Aspen” “Aspen" TAspen” TAspen” "Aspen” “Aspen" “Aspen” "Aspen”
[23] "aspen” “aspen” “Aspen” “Aspen” “aAspen” Taspen” “Aspen” “aAspen” “Aspen" 'Spruce" "spruce"
[34] "spruce" "sSpruce" "Spruce" "Spruce"” "Spruce" "Spruce" "Spruce" "Spruce" "Spruce" "Spruce" "Spruce"
[45] "spruce" "sSpruce” "Spruce"” "Spruce" "Spruce" "Spruce" "Spruce"” "Spruce"” "Spruce" "Spruce" "Spruce”
[536] "spruce” "spruce” "spruce” "Aspen” "spruce” "Aspen” TAspen” "Aspen”




call:

Distance

hclusti{d = distl, method = "ward.D")

Cluster method : ward.D

: euclidean

Number of objects: 63

Distance
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Clustering for NASA Understory Data

hclust (*, "ward.D")
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Clustering for NASA Understory Data

Distance

hclust (%, "ward.D")

ASpen Spruce Aspen Aspen Aspen Spruce  Aspen  ASpen Spruce Spruce Spruce  Aspen  Asp
en Aspen
1 2 1 1 1 2 1 1 2 2 2 1
1 1
Aspen Aspen Aspen Aspen Aspen Aspen Aspen Aspen Aspen Aspen Aspen Aspen Asp
en Aspen
1 1 1 1 1 1 1 1 1 1 1 1
1 1
Aspen Aspen Aspen Spruce Spruce Spruce Spruce Spruce Spruce Spruce Spruce Spruce spru
ce spruce
1 1 1 2 2 2 2 2 2 2 2 2
2 2
Spruce Spruce Spruce Spruce Spruce Spruce Spruce Spruce 5Spruce Spruce Spruce Spruce Spru
ce Spruce
2 2 2 2 2 2 2 2 2 2 2 2
2 2
Spruce spruce Aspen Spruce Aspen  Aspen  Aspen
2 1 2 1 1 1
call:
hclust(d = distl, method = "ward.D")
Cluster method : ward.D
Distance : jaccard
Number of objects: 63
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hclust (%, "ward.D")

Clustering for NASA Understory Data
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hclust (%, "ward.D")
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5 Plot Zoom [m|

NASA Two Cluster Plot, Ward's Method, First two PC

Component 2

-2
|

Component 1
These two components explain 47.81 % of the point variability.




Second Discriminant Function

-1

-2

-3

Two Cluster Solution in DA Space

L

First Discriminant Function

call:
hclusti{d = distl, method = "ward.D")

Cluster method : ward.D
Distance : minkowski
Number of objects: 29
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"data.frame’: 29949 obs. of 39 variables:

'data. frame': 39 obs. of 4 variables:
$ sidchar : Factor w/ 39 levels "Sample_1","Sample_10",..: 13 14 15 16 8 9 36 17 18 19 ...
$ sidNum @ dint 20 21 22 23 16 17 6 24 25 26 ...

$ devstage: Factor w/ 5 levels "4_weeks","E16",..:
$ gType : Factor w/ 2 Tevels "Nrlko","wt": 2 2 2

2222222444 ...
2111222...

num [1:29949, 1:39] 0.0838 0.1758 0.7797 -0.3196 0.8338 ...

avgBefore avgafter vargBefore wvarafter
1 7.22 0 0.02 1
2 9.37 0 0.35 1
3 9.70 0 0.15 1
4 8.42 0 0.03 1
5 8.47 0 0.02 1
a 9. 67 0 0.03 1
Nr1KO. 4_weeks wr. 4_weeks Nr1KO.ELE WC.EL6 Nr1KO. P10 Wr. P10 NF1KO. P2 WC.P2 NF1KO. P&
4 4 3 4 4 4 4 4 4
wt.PG6
4
call:
hclust{d = pair_dist_G5E4051_data, method = "single™)

Cluster method : single
Distance : euclidean
NMumber of objects: 39

call:
hclust(d = pair_dist_G5E4051_data, method = "complete™)

Cluster method : complete
Distance : euclidean
Number of objects: 39




call:

hclust(d = pair_dist_GSE4051_data, method = "average")
Cluster method ! average
Distance : euclidean

Mumber of objects: 39

call:
hclust({d = pair_dist_GS5E4051_data, method = "ward.D2")

Cluster method : ward.D2
Distance : euclidean
Number of objects: 39

Single Linkage Representation
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Complete Linkage Representation

[}
8 -
[ ]
8 -
(o]
£ &7
3
g - |
(8]
i
Average Linkage Representation
D
: |
- T
&
.
E h
a




Ward Linkage Representation

T I I I I I I
00f 003 005 OO O0E 002 OOk

wBay

1
0

Single Hierarchical Cluster - 10 clusters
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Complete Hierarchical Cluster - 10 clusters
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Average Hierarchical Cluster - 10 clusters
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Ward Hierarchical Cluster - 10 clusters
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1 2 3 4 5 6 7 8 91011 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38 39 40

2 16

3 17 17

4 26 22 19

5 17 912 19

6 13 13 14 23 16

7 16 16 17 18 21 15

8 18 22 1522 1919 20

9 19 15 14 23 14 10 17 21

10 24 24 25 20 25 22 20 20 22

11 23 25 16 19 22 14 21 17 20 23

12 20 18 21 26 19 15 16 16 19 18 21

13 25 19 14 17 16 20 21 21 20 21 18 25

14 17 17 16 21 18 16 15 19 18 27 20 22 22

15 22 22 19 14 19 21 22 20 23 18 19 20 19 21

16 25 15 22 21 20 22 15 25 20 23 26 23 22 20 23

7 30 26 17 26 23 25 32 22 21 30 23 30 21 25 26 29

18 28 26 21 22 23 25 24 20 27 26 15 28 21 21 18 29 18

19 31 27 22 23 22 24 25 21 22 21 28 27 26 26 29 28 25 25

20 20 22 17 26 17 25 26 16 23 28 27 22 19 23 26 31 18 24 25

21 28 26 21 20 21 31 26 18 25 22 23 24 23 23 16 29 22 16 25 20

22 18 18 19 22 21 17 20 18 21 22 21 22 17 19 18 23 22 14 27 18 18

23 23 17 14 19 20 16 19 19 18 21 20 23 22 20 25 22 19 23 20 25 19 17

24 20 16 17 18 17 17 16 22 17 26 23 24 19 15 26 19 24 26 23 24 22 20 15

25 29 25 22 23 22 24 27 21 22 15 20 21 24 28 15 26 25 19 22 23 17 19 22 29

26 20 20 21 24 21 23 20 20 21 22 25 24 19 19 20 25 28 26 21 24 20 24 21 20 21

7 31 27 18 17 22 26 25 19 18 21 20 27 14 24 21 22 19 19 22 23 21 25 22 29 20 19

28 25 2514 19 22 22 19 17 18 21 20 25 18 20 17 28 15 15 22 19 15 19 18 23 20 19 16

29 28 34 25 24 31 25 28 20 25 28 19 28 23 27 24 27 18 22 21 26 28 26 27 30 27 26 17 19

30 24 24 21 24 2519 20 16 21 24 21 18 21 21 24 27 20 22 21 22 20 20 15 18 27 20 21 15 14

31 22 22 23 28 23 21 24 20 23 22 23 28 19 23 22 25 20 20 25 26 20 18 21 20 25 16 25 21 24 18

32 26 30 25 24 27 27 32 18 25 18 19 26 21 23 22 31 20 24 25 22 20 24 25 24 25 24 23 23 20 20 22

33 21 23 20 25 24 20 19 21 16 21 22 23 22 22 21 18 25 23 24 25 19 17 22 17 22 19 24 18 23 21 23 21

34 19 23 16 25 20 20 23 15 24 25 18 21 20 22 25 24 27 21 22 19 21 17 20 21 26 23 24 22 23 15 23 21 20

35 21 25 18 17 20 22 21 17 20 19 20 21 20 16 17 24 23 21 24 25 21 23 20 17 24 21 18 20 21 21 21 21 22 24

36 30 26 25 24 23 27 26 18 29 24 23 22 17 33 22 25 20 22 27 22 26 22 27 28 25 28 17 23 18 22 28 24 25 25 21

7 26 30 19 20 23 23 24 16 19 20 19 24 21 23 24 31 22 18 19 22 18 20 19 24 19 24 17 17 20 20 28 18 21 23 19 20

38 24 24 23 22 23 19 22 18 21 26 21 20 23 21 20 31 20 16 25 22 20 18 25 30 25 22 19 17 18 14 22 24 25 21 23 20 14
1 2 3 4 3 6 7

2 0.3018868

3 0.3333333 0.3333333

4 0.4814815 0.4230769 0.3958333

5 0.3207547 0.1836735 0.2500000 0.3800000

6 0.2549020 0.2549020 0.2857143 0.4423077 0.3076923

7 0.3200000 0.3200000 0.3541667 0.3829787 0.4038462 0.3061224

8 0.3829787 0.4489796 0.3488372 0.4888889 0.4042553 0.4042553 0.4444444

9 0.3725490 0.3061224 0.3043478 0.4693878 0.2916667 0.2173913 0.3617021

10 0.4800000 0.4800000 0.5208333 0.4545455 0.5000000 0.4693878 0.4444444

11 0.4600000 0.4901961 0.3636364 0.4318182 0.4489796 0.3111111 0.4565217

12 0.4081633 0.3750000 0.4468085 0.5416667 0.3958333 0.3260870 0.3636364

13 0.4807692 0.3877551 0.3181818 0.3863636 0.3404255 0.4081633 0.4468085

14 0.3400000 0.3400000 0.3404255 0.4375000 0.3600000 0.3265306 0.3260870

15 0.4400000 0.4400000 0.4130435 0.3333333 0.3958333 0.4285714 0.4680851

16 0.4716981 0.3125000 0.4489796 0.4468085 0.4000000 0.4313725 0.3333333

7 0.5882353 0.5306122 0.4047619 0.5777778 0.4893617 0.5208333 0.6530612

18 0.5714286 0.5416667 0.4883721 0.5238095 0.5000000 0.5319149 0.5454545

19 0.6078431 0.5510204 0.5000000 0.5348837 0.4782609 0.5106383 0.5555556

20 0.4166667 0.4489796 0.3863636 0.5531915 0.3695652 0.5000000 0.5416667

21 0.5714286 0.5416667 0.4883721 0.4878049 0.4666667 0.6200000 0.577777:

22 0.3829787 0.3829787 0.4222222 0.4888889 0.4375000 0.3695652 0.4444444

23 0.4509804 0.3541667 0.3181818 0.4222222 0.4081633 0.3404255 0.4130435

24 0.3846154 0.3200000 0.3541667 0.3829787 0.3400000 0.3400000 0.3404255

25 0.5686275 0.5102041 0.4888889 0.5227273 0.4680851 0.5000000 0.5744681

26 0.4255319 0.4255319 0.4666667 0.5333333 0.4468085 0.4791667 0.4545455

7 0.6078431 0.5510204 0.4285714 0.4250000 0.4782609 0.5416667 0.5555556

28 0.5208333 0.5208333 0.3500000 0.4634146 0.4782609 0.4782609 0.4523810

29 0.5833333 0.6666667 0.5681818 0.5714286 0.6326531 0.5434783 0.6222222

30 0.5000000 0.5000000 0.4772727 0.5454545 0.5208333 0.4222222 0.4651163

31 0.4583333 0.4583333 0.5000000 0.5957447 0.4791667 0.4468085 0.5217391

32 0.5416667 0.6000000 0.5555556 0.5581395 0.5625000 0.5625000 0.6666667

33 0.4375000 0.4693878 0.4444444 0.5434783 0.4897959 0.4255319 0.4318182

34 0.3958333 0.4600000 0.3636364 0.5319149 0.4166667 0.4166667 0.4893617

35 0.4285714 0.4901961 0.4000000 0.3953488 0.4166667 0.4489796 0.4565217

36 0.6000000 0.5416667 0.5555556 0.5581395 0.5000000 0.5625000 0.577777;




0000000000000 0000000000000000C00000

1 2 3 4 5 [ 7 £ 9 10
5888889
8005238 0.8005238
9629630 0.8800000 0.7307692
8047368 0.6000000 0.6215789 0.7916667
7647059 0.7647059 0.7000000 0.8846154 0.8421053
7619048 0.7619048 0.7083333 0.6923077 0.8750000 0.7142857
6923077 0.7857143 0.5555556 0.6875000 0.7037037 0.7037037 0.6666667
8260870 0.7142857 0.6086957 0.7931034 0.6666667 0.5263158 0.6800000 0.6774194
8275862 0.8275862 0.7812500 0.6451613 0.8333333 0.7931034 0.6666667 0.5882353 0.7187500
8214286 0.8620690 0.5925926 0.6333333 0.7857143 0.5833333 0.7000000 0.5312500 0.6666667 0.6571429
7692308 0.7200000 0.7241379 0.7878788 0.7307692 0.6250000 0.5925926 0.5161290 0.6551724 0.5625000
8928571 0.7600000 0.5600000 0.6071429 0.6666667 0.7692308 0.7241379 0.6363636 0.6896552 0.6363636
7727273 0.7727273 0.6666667 0.7500000 0.7826087 0.7272727 0.6250000 0.6333333 0.6923077 0.7941176
8148148 0.8148148 0.6785714 0.5185185 0.7307692 0.7777778 0.7333333 0.6060606 0.7419355 0.5625000
9259259 0.6818182 0.7857143 0.7241379 0.8000000 0.8461538 0.6000000 0.7352941 0.7142857 0.6969697
8823529 0.8125000 0.5666667 0.7222222 0.7419355 0.7812500 0.8421053 0.5945946 0.6363636 0.7317073
8235294 0.7878788 0.6363636 0.6285714 0.7187500 0.7575758 0.6857143 0.5405405 0.7297297 0.6500000
8857143 0.8181818 0.6666667 0.6571429 0.7096774 0.7500000 0.7142857 0.5675676 0.6470588 0.5675676
7407407 0.7857143 0.6071429 0.7647059 0.6538462 0.8333333 0.7878788 0.5000000 0.7187500 0.7368421
8235294 0.7878788 0.6363636 0.5882353 0.6774194 0.8611111 0.7222222 0.5000000 0.6944444 0.5789474
6923077 0.6923077 0.6551724 0.6875000 0.7500000 0.6538462 0.6666667 0.5454545 0.6774194 0.6285714
8518519 0.7083333 0.5600000 0.6551724 0.7692308 0.6666667 0.6785714 0.5937500 0.6428571 0.6363636
8695652 0.7619048 0.7083333 0.6923077 0.7727273 0.7727273 0.6666667 0.7096774 0.6800000 0.7878788
8787879 0.8064516 0.6875000 0.6764706 0.7333333 0.7741935 0.7714286 0.5833333 0.6666667 0.4545455
7142857 0.7142857 0.6774194 0.7058824 0.7241379 0.7666667 0.6451613 0.5714286 0.6562500 0.6111111
8857143 0.8181818 0.5806452 0.5312500 0.7096774 0.7878788 0.7142857 0.5277778 0.5625000 0. 5675676
7812500 0.7812500 0.4827586 0.5757576 0.7096774 0.7096774 0.5937500 0.4857143 0.5625000 0.5675676
8000000 0.8947368 0.6944444 0.6486486 0.8378378 0.7352941 0.7368421 0.5263158 0.6756757 0.6666667
7741935 0.7741935 0.6562500 0.6857143 0.7812500 0.6551724 0.6250000 0.4705882 0.6363636 0.6315789
7586207 0.7586207 0.7187500 0.7777778 0.7666667 0.7241379 0.7272727 0.5714286 0.6969697 0.6111111
7878788 0.8571429 0.7142857 0.6666667 0.7941176 0.7941176 0.8205128 0.5000000 0. 6944444 0.5000000
7500000 0.7931034 0.6666667 0.7352941 0.8000000 0.7142857 0.6333333 0.6000000 0.5517241 0. 6000000
7307692 0.8214286 0.5925926 0.7575758 0.7407407 0.7407407 0.7419355 0.4838710 0.7500000 0. 6944444
7777778 0.8620690 0.6428571 0.5862069 0.7407407 0.7857143 0.7000000 0.5312500 0.6666667 0.5757576
8571429 0.7878788 0.7142857 0.6666667 0.7187500 0.7941176 0.7222222 0.5000000 0.7631579 0.6153846

call:
hclust(d = dist.items, method = "complete™)

Cluster method : complete
Distance : euclidean
Number of objects: 59
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distitems
hclust (¥, "complete)
call:
hclust{d = dist.items, method = "single™)
Cluster method : single
Distance : euclidean
Mumber of objects: 59




Cluster Dendrogram
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dist.items
hclust (%, "single")
my.k.choices avg.sil.width
[1.] 2 0.15613282
[2,1] 3 0.09740046
[3.] 4 0.08061349
[4,] 5 0.07817696
[5.] ] 0.07483902
[6.] 7 0.07018717
7.] 8 0.04567235
Medoids:
i)

1,1 3 3
[2,] 53 53

Clustering vector:

[l1]111111111211131111221211122222222211221222222222222

2222222

[58] 2 2
objective function:
build swap

17.54237 16.98305

Available components:

[1] "medoids” "id.med" "clustering” "objective” "isolation” "clusinfo” "silinfo" "diss"
[9] "call”
(]l

[1] 2 3 4 5 6 7 & 91012 13 14 15 16 17 18 21 23 24 25 35 36 39

[L211

[1] 11 19 20 22 26 27 28 29 30 31 32 33 34 37 38 40 41 42 43 44 45 46 47 48 49 50 51 52 53 54 55 56 57

58 39 60




Medoids:
o

[1.] & &

[2,] 28 28

[3,] 36 56

Clustering vector:
l]11121112121121212222211122222212212322333233332323
3332332

[38] 3 3
objective function:
build swap

15.81356 15.81356

Available components:
[1] "medoids” "id. med" "clustering” "objective” "isolation” "clusinfo” "silinfo" "diss"

[9] "call”

(11l
[1] 2 3 4 6 7 81012 13 15 17 23 24 25 32 35

[f211]
[1] 5 911 14 16 18 19 20 21 22 26 27 28 29 30 31 33 34 36 38 39 43 48 50 55 58

(L3111
[1] 37 40 41 42 44 45 46 47 49 51 52 53 54 56 57 59 60

Country RedMeat whiteMeat Eggs Milk Fish Cereals starch Nuts Fr.veg

1 Albania 10.1 1.4 0.5 B.9 0.2 42,3 0.6 5.5 1.7
2 Austria 8.9 14.0 4.3 19.9 2.1 28.0 3.6 1.3 4.3
3 Belgium 13.5 9.3 4.1 17.5 4.5 26.6 5.7 2.1 4.0
4 Bulgaria 7.8 6.0 1.8 E.3 1.2 56.7 1.1 3.7 4.2
5 Czechoslovakia 9.7 11.4 2.8 12.5 2.0 34.3 5.0 1.1 4.0
[ Denmark 10.86 10.8 3.7 25.0 9.9 21.9 4.8 0.7 2.4
K-means clustering with 3 clusters of sizes 8§, 12, 5
Cluster means:

whiteMeat RedMeat
1 12.062500 8.837500
2 4.658333 8.258333
3 9.000000 15.180000
Clustering vector:

[1] 213211123213 2121222233212
within cluster sum of squares by cluster:
[1] 39.45750 69.85833 35.66800

(between_ss / total_s5 = 75.7 %)
Available components:
[1] "cluster” "centers” "totss" "withinss" "tot.withinss” "betweens

s
[7] "size" "iter” "ifault”




protein.Country.o. groupMeat.cluster.o.

1 Austria 1
2 Czechoslovakia 1
3 Denmark 1
4 E Germany 1
5 Hungary 1
5] Netherlands 1
7 poland 1
8 W Germany 1
9 Albania 2
10 Bulgaria 2
11 Finland 2
12 Greece 2
13 Italy 2
14 NOrway 2
15 Fortugal 2
16 Romania 2
7 spain 2
18 sweden 2
19 USSR 2
20 yYugoslavia 2
21 gelgium 3
22 France 3
23 Ireland 3
24 switzerland 3
25 UK 3
’ ﬁ%ﬁ%ﬁaﬂgé
o ungary ] ermany
- ' E Gemaigiovals
o 7] Poland %%R{SWE@W France
=
o 7 Sweden
= | . )
z ° ‘r’ug-:uslavFizgmarm”Qan UK
N Portuggain Greece
o — .
| Alblama |
5 10 15

Red Meat




protein.Country.o. groupProtein.cluster.ao.

1 Austria 1
2 E Germany 1
3 Netherlands 1
4 W Germany 1
5 Portugal 2
6 spain 2
7 Albania 3
8 Greece 3
9 Italy 3
10 USSR 3
11 czechosTlovakia 4
12 Hungary 4
13 Poland 4
14 Bulgaria 5
15 Romania 5
16 yYugoslavia 5
7 Denmar k 6
18 Finland 5
19 Norway 6
20 Sweden 6
21 Belgium 7
22 France 7
23 Ireland 7
24 Switzerland 7
25 UK 7
2D representation of the Cluster solution

N p—

— —
o
a O —
[
T
— —
2
S
O
O —

Y 7

Component 1
These two components explain 62 .68 % of the point variability.




call: agnes(x = protein, diss = FALSE, metric = "euclidian™)
agglomerative coefficient: 0.6448106
order of objects:
1] 1 4182523 2 3 5 71013 16 11 17 19 & 12 14 9 15 20 21 22 24 8
Height (summary):
Min. 1st qu. Median Mean 3rd qQu. Max.
7.115 9.631 11.710 13,380 16.250 29.1320

Available components:
[1] "order” “height" "ac” "merge” "diss” "call” "method” "data"”

Dendrogram

| | | | | | |
0 ] 10 15 20 25 291

Height
Agglomerative Coefficient = 0.64
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Agglomerative Coefficient = 0.64
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Agglomerative Coefficient = 0.64




Food Energy Protein Fat Calcium Iron

1 BB 340
2 HR 245
3 BR 420
4 BS 375
5 BC 180
[ CB 115

=
O~ W0~ 0o
L * I SN N I N I )

=l wn O S

‘data.frame”:

7 obs. of ©& variables:

$ Food : Factor w/ 27 levels "AC","AR","BB",..: 3 14 6 7 4 9 10 5 16 17 ...
§ Energy : int 340 245 420 375 180 115 170 160 265 300 ...

$ Protein: int 20 21 15 19 22 20 25 26 20 18 ...

§ Fat int 28 17 39 32 10 37 5 20 25 ...

$ calcium: int 9 9 7 9 17 & 12 14 9 9 ...

$ Iron Donum 2.6 2.7 2 2.5 3.7 1.4 1.5 5.9 2.6 2.3 ...

Energy Protein Fat calcium Iron
101. 207806 4.251696 11.257033 7E8.034254 1.460857
Energy Protein Fat Calcium Iron

1 3.3594247 4.704005 2.48733386 0.11533397 1.7797775
2 2.4207619 4.939205 1.51016699 0.11533397 1.8482304
3 4.1498775 3.52B003 3.46450074 0.08970420 1.3690596
4 3.7052478 4.468804 2.84266727 0.11533397 1.7113245
5 1.7785189 5.174405 0,88833352 0.21785305 2.5327602
6 1.1362760 4.704005 0.26650006 0.10251908 0.9583417
7 1.6797123 5.B880006 0.62183347 0.15377862 1.0267947
8 1.5809057 6.115206 0.44416676 0.17940839 4.0387258
9 2.6183751 4.704005 1.77666704 0.11533397 1.7797775
10 2.9641982 4.233604 2.22083381 0.11533397 1.5744185
11 3.3594247 4.704005 2.48733386 0.11533397 1.7113245
12 3.3594247 4,468804 2.57616721 0.11533397 1.7113245
13 3.5076346 4.468804 2.66500057 0.11533397 1.6428715
14 2.02553553 4.233604 1.24366693 0.08970420 1.7113245
15 1.8279223 5.409605 0.79950017 0.11533397 1.8482304
16 1.3338892 5.174405 0.35533341 0.32037213 0.4107179

7 0.0916463 2.587203 0.088832335 1.05082059 4.1071788
18 0.4446297 1.646402 0.08883335 0.94830150 3.6964609
19 0.8892595 3.292803 0.17766670 0.48696564 0.5476238
20 1.3338892 3.763204 0.44416676 0.19222328 0.3422649
21 1.9761322 4.468804 1.15483358 0.06407443 0.6845298
22 1.5315024 3.763204 0.79950017 2.01193697 1.2321536
23 1.9267289 3.763204 0.97716687 0.17940839 0.EBBO9BBEY
24 1.1856793 3.998404 0.44416676 2.03756674 0.4791709
25 1.7785189 5.174405 0.79950017 4.70306286 1.7113245
26 1.6797123 5.880006 0.62183347 0.08970420 0.8214358

7 1.0868727 5.4006005 0,08883335 1.255858753 1.779777




K-means clustering with 5 clusters of sizes 2, 8, 8, 8, 1

Cluster means:

Energy Protein Fat Calcium Iron
0.568138 2.116802 0.088B3335 0.9995610 3.9018198
1.414170 4.116004 0.57741679 0.6743833 0.6930864
1.759993 5.380205 0.77729183 0.2771219 1.9509099
3.377951 4.410004 2.56506304 0.1121302 1.6599848
1.778519 5.174405 0.79950017 4.7030629 1.7113245

(SRS YRY N

Clustering wvector:
[1] 4 34432334444433211222222533

within cluster sum of squares by cluster:

[1] 0.5626614 10.2035285 13.0477424 4.3254549 0.0000000
(between_s5 / total_s5 = 78.4 %)

Available components:

[1] "cluster"” "centers" "totss" "withinss" "tot.withinss"
o

[7] "size" "iter" "ifault”

"betweens

K-means clustering with 4 clusters of sizes 3, 8, 2, 14

cluster means:

Energy FProtein Far  calcium Iron
1 1.498567 4.312004 0.68105570 2.9175222 1.140883
2 1.377951 4.410004 2.56506304 0.1121302 1.659985
3 0,568138 2.116802 0,08883335 0.9995610 3.,901820
4 1.619723 4.872005 0.68528586 0.2544670 1.388618

Clustering vector:

11242244443 222244433444141144

within cluster sum of squares by cluster:
[1] 6.9589520 4.3254549 0.5626614 28.9804747
(between_s5 / total_ss = 68.6 %)

Available components:

[1] "cluster™ "centers" "totss" "withinss" "tot.withinss"

s
[7] "size" "iter" "ifault"

"betweens

| [1] 24 2244442222244 433444141144




[[1]]
[1] MC sC DC
Levels: AC AR BB BC BH BR BS BT CB CC DC FB HF HR HS LL LS MB MC PF PR PS5 RC SC TC UC VC

[[2]]
[1] BB BR BES LL LS HS PR PS
Levels: AC AR BB BC BH BR BS BT CB CC DC FB HF HR HS LL LS MB MC PF PR PS5 RC SC TC UC VC

[[2]1]

[1] ar AC

Levels: AC AR BB BC BH BR BS BT CB CC DC FB HF HR HS5 LL L5 MB MC PF PR PS5 RC SC TC UC VC
[[41]

[1] HR BC CB CC BH BT VC FB TC HF MB PF UC RC
Levels: AC AR BB BC BH BR BS BT CB CC DC FBE HF HR H5 LL L5 MB MC PF PR P5 RC 5C TC UC VC
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Chapter 4: Model Selection and
Regularization

pate cCalories.gurned steps Distance Floors Minutes.sedentary mMinutes.Lightly.active minutes.Fairly.active minutes. very. active

1 2016-07-07 2682 12541 9.02 13 667 171 18 60

2 2016-07-08 2423 B029 5.7 35 760 208 13 [

3 2016-07-09 2875 10801 7.67 3 496 148 18 46

4 2016-07-10 2638 11997 8.52 22 77 248 3 27

5 2016-07-11 2423 9039 6.42 12 714 232 10 16

6§ 2016-07-12 3102 17721 12.58 8 519 226 20 107
activity.calories

1 1248

2 928

3 1040

4 1285

5 1044

[ 1805

[1] 12.541 '8.029 10.801 11.997 9.039 17.721 10.544 10.047 4.733 12.056 11.791 10.721 13.007 13.401 15.281 11.337 7.738
[18] 11.767 13.324 5.957 10.206 11.557 11.013 10.168 11.686 13.991 13.444 12.398 11.986 12.858

Pairwise Relationship - Fitbit's Measured Activities
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Stride Length Reverse- Engineered from Fitbit Data

Not all strides identical, dus to rounding or other jitter

600~

density

300-

AT I L
0.7100

07125 0.7150 0.7175
Distance/Steps

Call:
Im(formula = Calories.Burned ~ Steps, data = fithit)

Coefficients:

(Intercept) Steps
1926. 27 68.55
(Intercept) Steps

1926 69
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Predicted Calories compared with Residuals
Residuals vs Fitted
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Steps Distance Floors Minutes. Sedentary Minutes.Lightly.Active Minutes.Fairly.Active Minutes.Very.Active

[1,] 12.541 9.02 13 667 171 18 60
[2,] 8&.029 5.70 35 760 208 13 6
[3,] 10.801 7.67 3 496 148 18 46
[4,] 11.997 8.52 22 771 248 3 27
[5.] 9.039 6.42 12 714 232 10 16
[6,] 17.721 12.58 B 519 226 30 107

[1] 2682 2423 2875 2638 2423 3102 2450 2555 2245 2936 2717 2690 3147 2837 2851 2611 2307 3109 3164 2593 2490 263
& 2769 2629
[25] 2555 3010 2694 2713 2640 2680

*1 X2 ®3 x4 X3 x6
. 0000000 109.5889 107.0899 104. 8613 111.7505 113.15632
.1131733731 108.6981 109.3370 110.0573 106. 2842 109, 0958
L2222222 106.9779 108.4218 113.9708 102. 3784 110. 2811
. 333323323 111. 2883 109.3242 106. 8881 111.5851 110. 8253
4444444 109,.0175 110. 8455 107.9398 117. 3966 109, 8615
. 5555556 107.8713 109.9792 106. 3763 107.8555 110.9318
. 6666667 106.9289 113.0265 106.6506 103.0891 100.5173
LA77TFTE 108.6405 107, 2741 110.9709 109,0754 107, 5905
. BEEEEED 110.3589 116.64432 105.5138 108, 3451 106. BOG4
. 0000000 105.8732 111.4563 107.1465 115.6756 108, 3659

[ Wt I = R T S WA Iy Y

L]
|l T T i e T Y e i Y e

[1] 109.2894 108.6945 108.4060 109.9822 111.0122 108.6028 106.0425 108.7103 109.5337 109.7035

x x2 x3 x4 x5 X6 average_rmse
7 0.6666667 106,9289 113.0265 106.6506 103,0891 100.5173 106.0425
3 0.2222222 106.9779 108.4218 113.9708 102.3784 110.2811 108.4060
& 0.5555556 107.8713 109.9792 106.3763 107.8555 110.9318 108. 6028
2 0.1111111 108.6981 109,.3370 110.0573 106, 2842 109.0958 108.6945
B 0.7777778 108.6405 107.2741 110.9709 109.0754 107.5905 108.7103
1 0.0000000 109.5B889 107.0899 104.8613 111.7505 113.1563 109. 2894
9 0.BB8B8BBB9 110.3589 116.6443 105.5138 108. 3451 106. 8064 109. 5337
10 1.0000000 105.8732 111.4563 107.1465 115.6756 108. 3659 109.7035
4 0.3333333 111.2883 109.3242 106. 8881 111. 5851 110.8253 109.9822
5 0.4444444 109.0175 110. 8455 107.9398 117. 3966 109. 8615 111.0122




Cross Validation best RMSE for differing values of alpha

&
£ 110~
@
=
©

105-

100~

0.00 0 EI‘EEI 0. 1.00
alpha
[1] 0.6666667

call:
Im{formula = Calories.Burned ~ ., data = fithit)

Coefficients:
(Intercept) Steps Distance Floors Minutes. Sedentary

1941.1889 -66. 8266 116.0772 0.0274 -0.2458
Minutes.Lightly.active wMinutes.fFairly.active Minutes.very.Active
2.2466 4,4016 3. 8955
original shrunk wvery.shrunk
(Intercept) 1941.18889510 1953.9193828 2176.9301681
Steps -66. 82663867 7.7214570 15.9566697
Distance 116.07718793 14, 31400086 22.1799747
Floors 0.02740202 0. 0000000 0. 0000000
Minutes. Sedentary -0.24578123 -0.23B8018 -0.1801439
Minutes.Lightly.Active 2.24661181 2.1139746 0.7914329
Minutes.Fairly.Active 4.40164035 4.,4040703 3.7619668
Minutes.Very.Active 3.89545935 3.6009476 0. 8484609




original shrunk wvery. shrunk
(Intercept) 1941.189 1971.199 2157.172
steps -66. 827 9.176 15.703
Distance 116.077  15.045 21.835
Floors 0.027 0.000 0.000
Minutes. Sedentary -0.246  -0.236 -0.187
Minutes.Lightly.active 2.247 1.985 0. 888
Minutes.Fairly.Active 4.402 4. 384 3.842
Minutes. very. Active 3. 8495 3.295 1.019

call: glmnet{x = x, yv =¥, lambda = 0)

of %Dev Lambda

[1,] 7 0.8B06 0

elastic, lambda = 0 Tm
(Intercept) 1937.924 1941.189
Steps 15.455% -66.827
Distance 0.653 116.077
Floors 0.011 0.027
Minutes. sedentary -0.241 -0.246
Minutes.Lightly.Active 2.236 2.247
Minutes.Fairly.Active 4.415 4.402
Minutes.Very.Active 3.894 3. 8495

call: glmnet{x = X[, -2], ¥ = ¥, lambda = 0)

of %Dev Lambda
[1,] 6 0.BB06 0

call:
Im(formula = v ~ x[, -21)

coefficients:

(Intercept) X[, -2]steps ¥[, -2]Floors X[, -2]Minutes.Sedentary
1.938e+03 1.580e+01 9.739e-03 -2.406e-01
X[, -2IMinutes.Lightly.Active X[, -2IMinutes.Fairly.Active ®[, -2]Minutes.Very.Active

2.23%9e+00 4.413e+00 3.906e+00




elastic, lambda = 0 Tm
{(Intercept) 1938.103 1938.129
X[, -2]5teps 15. 885 15.798
*[, -2]Floors 0.011 0.010
®[, -2]Minutes.sedentary -0.241 -0.241
®[, -2]Minutes.Lightly.Active 2.236 2.239
®[, -2]Minutes.Fairly.Active 4,415 4,413
¥[, -2]Minutes.Vvery.Active 3.8497 3.906
ORDIMNARY NONPARAMETRIC BOOTSTRAFP
call:
boot (data = fithit, statistic = modellingfucnl, R = 99)
Bootstrap Statistics
original bias std. error
Tl* B1.87EEZ 13.92733 9. 038867
ORDIMNARY NONPARAMETRIC BOOTSTRAP
Call:
boot{data = fithit, statistic = modellingfucnz, R = 99)

Bootstrap Statistics
original bias std. error
Tl®* EB1.55149 18.15953 16.66511

ORDINARY NONPARAMETRIC BOOTSTRAFP

call:

Bootstrap Statistics
original bias std. error
tl® 159.7195 0 0

boot(data = fithit, statistic = modellingoLs, R = 99)




elastic modelling oLSs modelling

95.8 99.7
oLs modelling, only one explanatory wvariable
159.7

Increasing contribution of different explanatory variables
as penalty for including them is relaxed
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"data.frame’: 44 obs. of 33 variables:
seat.width. .Club. :hnum 0 19.4 0
Seat.Pitch..Club. pdint 0 44 00
Seat..Club. int 012 00
Seat.width..First.Class.: num 21 19.4 2 100
Seat.Pitch..First.Class.: num 36 40 36 36 0 0 0 0 37 37 ...
000

$

$

$

%

$

$ Seats..First.Class. cint 12 28 12 12 012 12 ...

% Seat.width..Business. cnum 021 002121212000 ...

$ Seat.pPitch..Business. hum O 59 00 60 B0 80 60 0O O ...

% Seats..Business. it 014 00 32 34 34 3400 ...

$ Seat.width..Eco.comfort.: num 7.2 017.2 17.2 18 18 18 18 18.1 17.2 ...
$ Seat.Pitch..Eco.Comfort.: num 34 0 34 34 35 35 35 35 34 34 ...

$ Seats..Eco.Comfort. :int 18 0 18 18 30 32 32 32 15 18 ...

% seat.width..Economy. : npum 17.2 0 17.2 17.2 18 18 18 18 18.1 17.2 ...
$ Seat.Pitch..Economy. D num 30,5 0 31.5 31.5 30.5 30.5 30.5 30.5 31 30.5 ...
$ Seats..Economy. :int 96 0 120 120 181 168 227 232 83 94 ...

% Accommodation :dint 126 54 150 150 243 243 293 298 110 124 ...
$ Cruising. speed..mph. : int 517 517 517 517 531 531 531 531 504 517 ...
% rRange..miles. pint 2399 3119 2420 2420 6536 6536 5343 5343 1510 2925 ...
$ Engines rdint 222222222%2...

% wingspan..ft. Donum 112 112 1312 112 198 ...

$ Tail.Height..ft. : num 38.6 38.6 38.6 38.6 59.8 ...

$ Length..ft. D onum 111 13131 123 123 189 ...

$ wifi cint 1111000011

$ video it 01 00111101

% Power it 0000111111

$ satellite it 0000000001

$ Flat.bed cint 0000101000

$ sleeper :dint 0000010100

$ Club cint 01 00000000

% First.Class pdint 1111000011

$ Business cdint 01 00111100

$ Eco.cComfort cint 1011111111

$ Economy pdint 1011111111




Aircraft Physical Characteristics
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call:
princomp{x = delta)
standard deviations:
Comp.1 Comp. 2 Comp. 3 Comp. 4 Comp. 5 Comp. & Comp. 7 Comp. 8 Comp. 9 Comp.10
Comp.11
2.259237e+03 6.907940e+01 2.871764e+01 2.25992%e+01 1.482962e+01 1.049014e+01 9.15222%9e+00 7.9374095e+00 4.523039e+00 3.623724e+00 2.606
872e+00
Comp.12 Comp.13 Comp. 14 Comp.15 Comp.16 Comp.17 Comp.18 Comp.19 Comp. 20 Comp. 21
Comp. 22
1.929074e+00 1.760306e+00 1.563002e+00 1.245856e+00 4.772154e-01 3.B806455e-01 3.4093458e-01 2.724929e-01 2.153123e-01 1.991243e-01 1.669
167e-01
Comp.23 Comp. 24 Comp. 25 Comp. 26 Comp. 27 Comp. 28 Comp. 29 Comp. 30 Comp. 31 Comp. 32
Comp. 33
1.340994e-01 1.20900%e-01 6.524198e-02 4.241346e-02 2.373915e-02 2.016179e-03 2.452124e-05 0.000000e+00 0.000000e+00 0.000000e+00 0.000

000e+00

33

variables and 44 observations.




Variances
Ze+08 4e+06 Se+06
I 1 1

2e+06
I

1e+06

Principal Components Analysis of Raw Data

Oe+00
L

Comp.1 Comp .2

Comp.3 Comp.4

Comp.5

Comp .6

Comp.7 Comp.8

Comp 9 Comp.10

Loadings:

comp.1 comp.2 comp.3 comp.4 Comp.5

Ccomp. 16
Seat.width. .Club.
0.105
Seat.Pitch..Club.
0.239
Seat..Club.

seat.width..First.class
-0.210
Seat.Pitch..First.class.

Seats..First.Class.

Seat.width. .Business.
-0.229
seat.pitch. . Business

Seats..Business.

Seat.width. .Eco.Comfort.
0.546
Seat.Pitch..Eco.Comfort.
-0.124
seats..Eco.Comfort.
-0.107
seat.width. . Economy
0.427
Seat.Pitch..Economy.
-0.165
Seats..Economy. 0.

accommodation 0.
cruising. speed. .mph

Range..miles. 0.999

comp. 6

-0.144 -0.110

-0.327 -0.248

-160

0.515 -0.110 -112

0.258 -0.124 .109

.154  0.142

. 514 0.446 .154

. 225 0.187

. 544
0. 200
.110
.190
-0.136 0. .165
-0.104

0.463 0.809 0.289 -0.144

comp. 7

.156 0.136
-130 0.

0.160 0.149

.224
.442

.160

-0.130

0.168 0.

0.233 -0.

0.115

183 0.

comp. & comp.9

16l

. 285

. 287

.208

comp.10 comp.1l Comp.12
-0.165
-0.374
-0.102

. 246 0.341

.307 0.211 . 389
0.313 0.172
0.244 - 480

0.401
.608

-294 2133

-113 0.111
-268 0.260
0.186
0.262

.205

comp.13 comp.14 Comp.15

.128 0.429 0.371
.424
. 242

. 659 0.361

0.255 .232 .393

.294

0.156 0.
.110

.104 .132




Ecanomy

Eco Comfort
Business

First Class

Club

Sleeper

Flat bed

Satellite

Power

Video

Wifi

Length_ft
Tail.Height. ft.
Wingspan_ft
Engines

Range._miles
Cruising Speed. mph
Accommodation
Seats. Economy
Seat Pitch Economy
Seat Width Economy
Seats..Eco.Comfort.
Seat Pitch. Eco Comfort
Seat.Width..Eco.Comfort.

Seats..First.Class.
Seat Pitch_First Class
Seat.Width..First.Class.

Seat Club
Seat Pitch. Club.
Seat.Width..Club.

Regular Scaling of Variance

0e+00 1e+06 2e+06 3e+06 4e+06 5e+06

Variance

Economy

Eco Comfort

Business

First Class

Club

Sleeper

Flat bed

Satellite

Pawer

Videa

Wifi

Length.ft.

Tail Height. ft.
Wingspan_ ft.

Engines

Range._miles.
Cruising. Speed..mph.
Accommodation
Seats..Economy.

Seat Pitch. Economy.
Seat.Width..Economy.
Seats..Eco.Comfort.
Seat Pitch_Eco Comfort.
Seat. Width..Eco.Comfort.
Seats. Business.
Seat.Pitch. Business.
Seat Width_Business.
Seats. First.Class.
Seat Pitch_First Class.
Seat.Width..First.Class.
SeatClub.

Seat Pitch Club.

Seat Width Club.

Logarithmic Scaling of Variance

1e-01 1e+01 1e+03 1e+05

Variance




Variances Across Different Variables

1.000 1.005 1.010

Varlances

0.995

0980

Index
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Principal Components Analysis of Scaled Data

Comp.1 Comp.2 Comp.3 Comp.4 Comp.5 Comp.6 Comp.7 Comp.8 Comp.9 Comp.10




Principal Components Analysis of Scaled Data

12

10

Variances

o

T T T T T T T T T 1
Comp.1 Comp.2 Comp.3 Comp.4 Comp.5 Comp.6 Comp.7 Comp.8 Comp.9 Comp.10

Importance of components:

comp.1 comp. 2 comp. 3 comp. 4 comp. 5 comp. 6 comp. 7 comp. 8 comp. 9 Comp.10 Comp. 11
standard deviation 2.6401340 2.7883991 2.2225223 1.21058843 1.14073049 1.01495084 0.87821658 0.70479857 0.5848836 0.529084230 0.407860804
Proportion of variance 0.4108706 0.2410905 0.1531661 0.04544262 0.04034933 0.03194187 0.02391517 0.01540282 0.0106074 0.008680007 0.005158153
cumulative Proportion 0.4108706 0.6519611 0.8051271 0.85056976 0.89091910 0.92286097 0.94677614 0.96217896 0.9727864 0.981466375 0.986624528

Comp.12 Comp.13 Comp.14 Comp.15 Comp.16 Comp.17 Comp.18 Comp.19 Comp. 20 Comp. 21
standard deviation 0.362177038 0.298829473 0.238584294 0.1981036 0.1757588137 0.1444047596 0.1385927988 0.1173372505 0.1045097508 0.0853608392
Proportion of variance 0.004067355 0.002768963 0.001765038 0.0012169 0.0009578654 0.0006465964 0.0005955958 0.0004269157 0.0003386756 0.0002259371
Cumulative Proportion 0.9906918832 0.993460846 0.995225884 0.9964428 0.9974006493 0.9980472457 0.9986428415 0.9990697572 0.9994084328 0.99963432699

Comp. 22 comp. 23 comp. 24 comp. 25 comp. 26 Comp. 27 comp. 28 Comp. 29 comp. 30

standard deviation 0.0791201165 5.177928e-02 4.469526e-02 0.0221107242 1.530274e-02 1.080092e-02 3.619390e-03 4.267325e-08 4.071751e-08
Proportion of variance 0.0001941083 8.313469e-05 6.194314e-05 0.0000151592 7.261202e-06 3.617359e-06 4.062012e-07 5.646532e-17 5.140824e-17
Cumulative Proportion 0.9998284782 9.999116e-01 9.999736e-01 0.9999887152 9.999960e-01 9.999996e-01 1.000000e+00 1.000000e+00 1.000000e+00

Comp. 31 Comp. 32 Comp. 33
standard deviation 9.643864e-09 7.10068e-09 0
proportion of variance 2.883848e-18 1.56340e-18 0
cumulative Proportion 1.000000e+00 1.00000e+00 1
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[1] "cr3l 100/200 Pinnacle/skywest" "CRJ 100/200 ExpressJet” "E120" "ERI-145"
[1] "Airbus A330-200" "airbus A330-200 (3L2)" "Airbus A330-200 (3L3)" "airbus A330-300" "poeing 747-400 (74s)"
[6] "Boeing 757-200 (75E}" "Boeing 757-200 (75xX)" "Boeing 767-300 (76G)" "Boeing 767-300 (76L)" "Boeing 767-300 (7eT)"
[11] "Boeing 767-300 (76Z v.1)}" "Boeing 767-300 (76Z V.2)" "Boeing 767-400 (76D)" "Boeing 777-200ER" "Boeing 777-200LR"
[1] "airbus a319" "Airbus A320" "Airbus A320 32-R" "Boeing 717" "Boeing 737-700 (73w)"
[6] "Boeing 737-800 (738)" "Boeing 737-800 (73H)" "Boeing 737-900ER (739)" "Boeing 757-200 (75A)" "Boeing 7537-200 (73Mm)"
[11] "Boeing 757-200 (75N)" "Boeing 757-200 (757)" "soeing 757-200 (75v)" "Boeing 757-300" "Boeing 767-300 (76P)"
[16] "Boeing 767-300 (76Q)" "Boeing 767-300 (7eu)" "CR1 700" "CRJ 900" "E17O"
[21] "E175" "MD-88" "MD-90" "MD-DC9-50"

varl Freqg

1 African 115
2 American 4988
3 Asian 1176
4 Cajun_Creole 146
5 Central_southamerican 241
6 Chinese 226
7 EasternEuropean_Russian 146
8 English_scottish 204
9

French 998
10 German 52
11 Greek 225
12 Indian 274
13 Irish 86
14 Italian 1715
15 Japanese 136
16 Jewish 320
7 Mediterranean 289
18 Mexican 622
19 MiddleEastern 248
20 Moroccan 137
21 scandinavian 92
22 Southern_soulFood 346
23 southwestern 108
24 spanish_Portuguese 291
25 Thai 164

26 Vietnamese 65




Thai

Vienamese

Asian

Chinese

Japanese

Indian

WMoroccan
MiddleEastern
WMexican
Central_SouthAmerican
Southwestern
Cajun_Creole
Spanish_Portuguese
talian

Wediterranean
Greek
Englis_Scottish
Southern_SoulFaod
Jewish

German
EasternEuropean_Russian
Irish

Scandinavian

American

French
¥ % E ® 8 € B3 &8 § & B 5 3 2 £ B 5 £ £ g g £
£ 5 - g = H . E

call:

princomp(x = final_imp)

standard deviations:

Comp.1 Comp. 2 Comp. 3 Comp. 4 Comp. 5 Comp. & Comp.7 Comp. 8 Comp. 9 Comp. 10 Comp. 11 Comp.12

Comp.13

2.95664772 2.22248409 1.54442468 1.44724581 1.10369661 0.75612298 0.57781510 0.47944174 0.42994264 0.39243338 0.30441262 0.244B8043 0.1
9478279

comp.14  comp.15  Comp.16  comp.17  comp.18  Comp.19  comp.20  comp.2l  comp.22
0.16134688 0.13102208 0.10750934 0.10266234 0.08372124 0.04197352 0.03426400 0.02328061 0.01466105

22 wvariables and 25 observations.
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Chapter 5: Nonlinearity

household income

B 0% - 10%

10% — 20%

30% — 40%
40% — 50%
50% — 60%
60% — 70%
70% — 80%
80% — 90%

B 90% — 100%

i WALES
Quantile of median

20% — 30% C

NORFOLK ISLAND:
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TASMANIA,
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algd T
"
' Y
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»
[1] 1785 69
[1] "MeanBedrooms" "privatebwellings" "SeparateHouse” "Number InHH" "MultiPersonHH"
[6] "InternetHH" "NotownedHH" "MedianrentHH" "Landlordrublic” "Nomotorvehicle”
[11] "arechildren” "sameResidenceSyearsago” OverseasSyYearsAgo” "NZBorn" "European”
[16] "Maori” "Pacific” "Asian" "Male" "X20to24"
[21] "x25to29" "%30to34" "X40to44" "X45to49" "x30to54”
[26] "X55to59" "X60tosd" "x65andoTder” "NorReligion"” "Smoker"
[31] "separated" "partnered"” "ownResidence"” "NoChildren” "Noqualification"”
[36] "Bachelor” "Doctorate” "FTstudent” "PTStudent” "MedianIncome"
[41] "selfemployed" "unemploymentBenefit" "studentallowance" "FullTimeEmpTloyed" "partTimeEmployed"
[46] "uUnemployed" "Employee” "Employer” "selfEmployedNoEmployees” "Managers”
[51] "professionals" "Trades" "Labourers" "agForFish" "pubadmin”
[56] "FinServices" "profservices” "workedl_Shours” "wWorked10_19hours" "wWorked20_28hours"
[61] "worked30_39hours" "worked50_59%hours" "workedover 60hours" "wor kedHome" "publicTransport”
[ee] "walklogBike" "NoUnpaidactivities" "WG584Longitude” "WGSB84Latitude"”




FullTimeEmployed
InternetHH
NoQualification

UnemploymentBenefit

Smoker

Partnered
Managers
Bachelor
selfeEmployed
NoMotorvehicle
Unemployed
Labourers
workeds0_5%hhours
workedoveralhours
Separated

[ I e Y I e I e e Y e I e I i O e Y e Y e e e O

rhoz2

. 7128141
. 3834990
4470782
.4308350
.4094793
. 3866362
. 3854095
3723224
. 3664151
. 3584018
. 3570226
. 3378065
3311392
.3311392
31224324

4427,
2497,
1441.
1349,
1236.
1123.
1118.
1057.
1031.
995,
94a0.
909.
882,
BEZ.
809.

F dfl

6847
9024
6876
6595
2689
9207
1189
6304
1455
9976
0367
5664
7264
7264
4831

el el ol el Sl S e S e S S

df2
1783
1783
1783
1783
1783
1783
1783
1783
1783
1783
1783
1783
1783
1783
1783
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adjusted rho2
7127531
. 5832654
4467681
.4305158
.4091481
. 3862922
. 3850648
3719704
. 3660598
. 3580419
. 3566620
. 3374351
. 3307640
. 3307640
. 3118567

1785
1785
1785
1785
1785
1785
1785
1785
1785
1785
1785
1785
1785
1785
1785
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P
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call:

Bootstrap Statistics

tl® 1639.39 244,9502

original bias std.

ORDINARY NONPARAMETRIC BOOTSTRAP

boot{data = data_use, statistic = fit_gam, R = 99)

error

IB7. 2537

[1] 1884.34

[1]

2

vl
9.113850
11.619701
9.944150
.053516
7.B76934
0.6872132

[ Q¥ R R WE I N S
=
]

10.
12.
11.
11.
179485
10.

V2
162218
987429
333624
178816

B51732

[1] 1049.4591 2190.6329 1463.5364 1396.9711

773.4905 1277.9010

[1] 103.27068 168.67332 128.90478 124.96592 84,26295 117.76010




call:
Im(formula = raw$response ~ rawlpredictorl_3)

Coefficients:
(Intercept) rawlpredictorl_3
6. 304595 0. 002496

Simulated Data with Slight Curve

13

12

Response
10

T T T T
500 1000 1500 2000 2500 3000

Predictor




Simulated Data with Slight Curve

Response

~
T T T T T T
500 1000 1500 2000 2500 3000
Predictor

$x

[1] 7iig20000 4.428571 4.857143 5.285714 5.714286 6.142857 6.571429 7.000000 7.428571 7.857143 B8.285714 B.714286 9.142857
[l?jSiU.UUUUUU 10.428571 10.857143 11.2B85714 11.714286 12.142857 12.571429 13.000000 13.428571 13.857143 14.285714 14.714286 15.142857
[%;jsiéfggoooo 16.428571 16.857143 17.285714 17.714286 18.142857 18.571429 19.000000 19.428571 19.857143 20.285714 20.714286 21.142857
[iéjséé%égﬁﬁﬁﬂ 22.428571 22.857143 23.2B5714 23.714286 24.142857 24.571429 25.000000

Sy
[1] 3.272340 4.649135 6.007926

7.355284 B8.697776 10.041974 11.394447 12.761764 14.150494 15.567208 16.984996 1B8. 326847 19.644429
[igjgggczgﬂgﬁﬁ 23.928844 25.355833 26.786293 28.274581 29.857278 31.391655 32.967213 34. 604079 36.239846 37.998521 39.935642 41.616790
[;gjogifggos?s 45.361214 46.511191 47.778778 49.244460 50.845164 52.5098776 54.167182 56.025692 58.263629 60.764900 63.413415 66.093080
[2§j6§i§g31492 73.386173 75.774481 78.221236 80.701256 83.189361 85.660370 88.089103
Call:
loess(formula = y_axis ~ x_axis, span = 0.75, degree = 1, family = "gaussian")

Number of Observations: 50
Equivalent Mumber of Parameters: 3.13
Residual standard Error: 15.25

[1] 4.000000 4.428571 4.857143 5.285714 5.714286 6.142857 6.571429 7.000000 7.428571 7.857143 8.285714 B8.714286 0.142857
[lgjsié?égﬂﬂﬂﬂ 10.428571 10.857143 11.285714 11.714286 12.142857 12.571429 13. 000000 13.428571 13.857143 14.285714 14.714286 15.142857
-
[;gjsié?égﬂﬂﬂﬂ 16.428571 16.857143 17.285714 17.714286 18.142857 18.571429 19. 000000 19.428571 19.857143 20.285714 20.714286 21.142857
-
[i;jséé?égoﬂﬂﬂ 22.428571 22.857143 23.285714 23.714286 24.142857 24.571429 25.000000




call:
Im{formula = y_axis ~ x_axis)

Coefficients:
(Intercept) X_axis
-17.579 3.932

call:
Im(formula = y_axis ~ poly(x_axis, 3))

Coefficients:

(Intercept) poly(x_axis, 3)1 poly(x_axis, 312 poly(x_axis, 3)3
42,98 145.55 23.00 13. 80

call:
Im{formula = y_axis ~ ns(x_axis, 3))

Coefficients:

(Intercept) ns{x_axis, 3)1 ns{x_axis, 3)2 ns{x_axis, 3)3
2.594 35.959 96. 444 72,986

call:
smooth.spline(x = y_axis ~ x_axis, nknots = 15)

smoothing Parameter spar= 0.7274958 Tlambda= 0.1118473 (15 iterations)
Equivalent Degrees of Freedom (Df): 2.632293

Penalized Criterion: 4189.645

GCV: 244.1153
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agency_cd site_no Date x_00060_00003 x_00060_00003_cd
35553 UsGs 01528000 2017-01-31 71 P
35554 UsGs 01538000 2017-02-01 66 P
35555 UsGs 01538000 2017-02-02 61 P
3535356 usGs 015338000 2017-02-03 -94999909 P Ice
35557 UsGs 01528000 2017-02-04 -0399999 P Ice
35558 UsGSs 01528000 2017-02-05 -099999 P Ice
‘data. frame”: 35558 obs. of 5 variables:
$ agency_cd chr  "uses" "uses" "usGs" "uses" ...
$ site_no : chr "01538000" "01538000" ”01538000” "01538000" ...
$ Date : pate, format: "1919-10-01" "1919-10-02" "1919-10-03" "1919-10-04" ...

$ X_00060_00003 : num 25 25 25 25 25 30 30 30 30 30 ...

§ X_00060_00003_cd: chr "A" "A" "A" "A"

- attr(®, "ur1")= chr "https: f/water'serv‘lces usgs. gov,/nwis/dv/?5ite=01538000&Format=waterml,1.1&ParameterCd=00060&5tatCd=00003&startDT=1
851-01-01"

- attr(®, "siteInfo")= data frame” 1 obs. of 13 variables:

.. % station_nm : chr wapwa'l'\open Creek near wapwallopen, PA"
..% site_no : chr "01538000"
.. % agency_cd : chr "usGs"
.. % timeZoneoffset : chr "-05:00"
B mezuneAbbrev‘latwn chr "EsT"
.. % dec_lat_va :onum 41.1
.. % dec_lon_va :onum -76.1
..% srs : chr "EP5G:4328"
.. % siteTypecd : chr "sT"
.. % huccd : chr "02050107"
.. % statecd : chr "42"
.. % countycd : chr "42079"
.. 5 network chr "NwIs"
- attr(*, "variableInfo" ) "data. frame” 1 obs. of 7 variables:
..% variableCode chr "00060"
.. % variablename : chr "streamflow, fr&s#179;/s5"
.. % variablebescription: chr "Discharge, cubic feet per second”
.. § valueType : chr "Derived value”
5 unit : chr "ft3/s"
..§ options : chr "mMean”

.8 noDataVa]ue H 1091 NA
- attr*, dwsc'\a'lmer )= chr "provisional data are subject to revision. Go to http://waterdata.usgs.gov/mwis/help/?provisional for more
information.
- attr(*, "statisticInfo")="data.frame’: 1 obs. of 2 variables:
..§ statisticcd : chr "00003"
..§ statisticname: chr "Mean"”
- attr(*, "queryTime")= posixct, format: "2017-02-06 23:42:00"

agency_cd site_no Date Flow Flow_cd rollMean day.of.year

35552 UsGs 01538000 2017-01-30 79 P -199942.8 30
35553 usGs 01538000 2017-01-31 71 P -199941.2 31
35554 usGs 01538000 2017-02-01 66 P -1999319.9 32
35555 usGs 01538000 2017-02-02 61 P -199938.9 33
35556 Uscs 01338000 2017-02-03 54 P -199939.4 34
35557 UsGs 01538000 2017-02-04 65 P -199938.7 35
agency_cd site_no Date Flow Flow_cd rollMean day.of.year

35552 UsGs 01538000 2017-01-30 7 P -199942.8 30
35553 UsGs 01538000 2017-01-31 7 P -199941.2 31
35554 UsGs 01538000 2017-02-01 66 P -199939.9 32
35555 UsGs 01538000 2017-02-02 6l P -199938.9 33
35556 UsGs 01538000 2017-02-03 54 P -199939.4 34
P -199938.7 35

35557 Uscs 01538000 2017-02-04 65




# A tibble: 1,098 =

day. of . year
<dbT>
-364
-363
-362
-361
-360
-359
-358
-357
-356
0 -355

B =R - B I = I, I R N

101.
105.
106.
104.
103.
101.
99,
101.
94,
92.
with 1,088 more rows

-
i

p75
=dhbT=
69la7
92500
45000
86667
88333
73333
96667
54167
99167
70000

40,
41.
41.
40,
41.
41.
42,
42,
41.
41.

p25
=dbT=
11667
60833
31667
o667
0le6a7
61417
16417
05750
66667
41667

21.
22,
23.
23.
23.
23.
23.
23.
24,
24,

p10
=dbT=>
07333
66567
32900
7a7va7v
59900
Ge900
86900
82867
42333
69333

14.
1a6.
16283
22783
. 33067
. 77900
19,
20.
20.
20.

-

-

-

-

p05
=dhT=
30450
89083

86667
D4667
98333
83167

p0oo Date

=dbl1= <gdates
-233307.0 2015-01-01
-233307.2 2015-01-02
-233307.0 2015-01-03
-233305.7 2015-01-04
-233305.1 2015-01-05
-233305.5 2015-01-06
-233305.8 2015-01-07
-266640.2 2015-01-08
-299974.5 2015-01-09
-333308.6 2015-01-10

[1] 80.59694 B1.44816 B2.29218 B3.

12881 83, 05787 B4.77917

[1] 36.16151 36.16151 36.58664 37.00671 37.42077 37.82784

[1] 22.41312 22.41312 22.72999 23.04434 23.35553 23.66293

[1] 16.23024 16.23024 16.48055 16.73002 16.97826 17.22487

[1] -109716.7 -109716.7 -110200.7 -110650.7 -111063.8 -111437.1




Comparison of Models

120
1

100
1

80
1

Stopping Distance (feet)

- T T T T T
5 10 15 20 25

Speed (MPH)
Splines

# A tibble: 733 = 7

Date day.of.year sm. 73 sm. 23 sm. 10 sm. 03 sm. 00
<dates <db1> <db1=> <dbl=> <db1= <dbl=> <dbl=>
1 2016-01-01 1 90.99353 36.16151 22.41312 16.23024 -109716.7
2 2016-01-01 1 90.99353 36.16151 22.41312 16.23024 -109716.7
3 2016-01-02 2 91.56954 36.58664 22,.72999 16.48055 -110200.7
4 2016-01-03 3 92.1377 7.00671 23.04434 16.73002 -110650.7
5 2016-01-04 4 92.69719 37.42077 23.35553 16.97826 -111063. 8
6 2016-01-05 5 93.24672 37.82784 23.66293 17.22487 -111437.1
7 2016-01-06 & 93.78531 38.22699 23,96590 17.46943 -111767.7
g 2016-01-07 7 94,31193 3B.61726 24.26381 17.71154 -112052.9
9 2016-01-08 & O4,82552 3B.99769 24.55602 17.95079 -112289.7
10 2016-01-09 9 95.32503 39.36733 24.84190 18.18678 -112475.3
# . with 723 more rows
Date day.of.year Sm. 75 sm. 25 sm.10 sm. 05 sm. 00
1 2016-01-01 1 90.99353 326.16151 22.41312 16.23024 -109716.7
2 2016-01-02 2 91.56954 36.58664 22.72999 16.48055 -110200.7
3 2016-01-03 3 92.1377 7.00671 23.04434 16.73002 -110650.7
4 2016-01-04 4 92.69719 3I7.42077 23.35553 16.97826 -111063. 8
5 2016-01-05 3 93.24672 37.82784 23.66293 17.22487 -111437.1
6 2016-01-06 6 93.78531 38,22699 23.96590 17.46943 -111767.7




Date day.of.year sm.753 sm.25 sm.10 sm. 05 sm. 00

1 2016-12-31 366 90.55267 35.03442 22.02318 15.95450 -109125.5

2 2017-01-01 366 90.55267 35.63442 22.02318 15.95450 -109125.5

3 2017-01-02 367 91.13212 36.10354 22.39240 16.25584 -109351.1

4 2017-01-03 368 91.71522 36.58013 22.76B42 16.56302 -109564.3

5 2017-01-04 369 92.30089 37.06284 23.15014 16.87519 -109764.4

6 2017-01-05 370 92.8BB05 37.55033 23.53646 17.19149 -109951.0
colour

é fill

% .Dmungmargency

= I orougnt warning
B orougnt wstch

400

day.of year

600

[T ormal




Chapter 6: Supervised Learning

"data.frame”: 302 obhs. of 15 wvariables:
g x cdint 1 234567 8910 ...
§ Age int 63 67 67 37 41 56 62 57 63 53 ...
§ sex rdipt 1111010011 ...
§ chestrain: Factor w/ 4 levels "asymptomatic”,..: 4112 3 31111...
% RestBP int 145 160 120 130 130 120 140 120 130 140 ...
$ chol int 233 286 229 250 204 236 268 354 254 203 ...
% Fbs int 1000000001 ...
§ ResSTECG int 2220202022 ...
% MaxHR int 150 108 129 187 172 178 160 163 147 155 ...
$ ExAng int 0110000101...
§ 0ldpeak num 2.3 1.5 2.6 3.5 1.4 0.8 3.6 0.6 1.4 3.1 ...
§ slope int 3223113123.
§ ca int 0320002010 ...
% Thal Factor w/ 3 levels "fixed","normal”,..: 1 2 3 2 2 2 2 2 3 3 ..
% AHD Factor w/ 2 Tevels "No","Yes": 1 2 21112122..
¥ Age Sex ChestPain RestBF Chol Fbs RestECG MaxHR ExAng Oldpeak Slope Ca Thal AHD
11 63 1 typical 145 233 1 2 150 0 2.3 30 fixed No
22 7 1 asymptomatic 160 286 0 2 108 1 1.5 2 3 normal Yes
33 7 1 asymptomatic 120 229 0 2 129 1 2.6 2 2 reversable ves
44 37 1 nonanginal 130 250 O 0 187 0 3.5 30 normal No
55 41 0 nontypical 130 204 O 2 172 0 1.4 1 0 normal No
66 5 1 nontypical 120 238 O 0 178 0 0.8 1 0 normal No

[1] 303 15




[1,]
[2,]
[3,]
[4,]
[5,]
[6,]
[7,]
[8,]
[9,]
[10,]
[11,]
[12,]
[13,]
[14,]
[15,]
[186,]
[17,]
[18,]
[19,]
[20,]
[21,]
[22,]
[23,]
[24,]
[25,]
[26, ]
[27,]
[28,]
[29,]

Resamplel




X Age Sex ChestPain RestBP Chol Fbs RestECG MaxHR ExAng Oldpeak Slope Ca Thal AHD
1 1 a3 1 typical 145 233 1 2 150 0 2.3 3 0 fixed No
3 3 67 1 asymptomatic 120 229 O 2 129 1 2.6 2 2 reversable ves
4 4 37 1 nonanginal 130 250 O 0 187 0 3.5 3 0 normal No
5 5 41 0 nontypical 130 204 © 2 172 0 1.4 1 0 normal No
7 7682 0 asymptomatic 140 268 0 2 160 0 3.6 3 2 normal Yes
8 8 57 0 asymptomatic 120 354 O 0 163 1 0.6 1 0 normal No
13 13 56 1 nonanginal 130 256 1 2 142 1 0.6 21 fixed ves
18 18 54 1 asymptomatic 140 239 0 0 160 0 1.2 1 0 normal No
19 19 48 0 nonanginal 130 275 O 0 139 0 0.2 1 0 normal No
21 21 e4 1 typical 110 211 © 2 144 1 1.8 2 0 normal No
23 23 58 1 nontypical 120 284 O 2 160 0 1.8 2 0 normal Yes
24 24 58 1 nonanginal 132 224 0O 2 73 0 3.2 1 2 reversable ves
26 26 50 0 nonanginal 120 219 © 0 158 0 1.6 2 0 normal No
7 7 58 0 nonanginal 120 340 © 0o 17 0 0.0 1 0 normal No
28 28 66 O typical 150 226 O 0 114 0 2.6 3 0 normal No
29 29 43 1 asymptomatic 150 247 0 0 17 0 1.5 1 0 normal No
30 30 40 1 asymptomatic 110 167 O 2 114 1 2.0 2 0 reversable Yes
31 31 89 O typical 140 239 0 0 151 0 1.8 1 2 normal No
32 32 60 1 asymptomatic 117 230 1 0 160 1 1.4 1 2 reversable Yes
33 33 64 1 nonanginal 140 335 O 0 158 0 0.0 1 0 normal Yes
34 34 59 1 asymptomatic 135 234 0 0 161 0 0.5 2 0 reversable No
7 7 43 1 asymptomatic 120 177 0O 2 120 1 2.5 2 0 reversable Yes
38 38 57 1 asymptomatic 150 27 0 2 112 1 0.6 2 1 fixed ves
40 40 61 1  nonanginal 150 243 1 0 137 1 1.0 2 0 normal No
41 41 65 0 asymptomatic 150 225 O 2 114 0 1.0 2 3 reversable Yes
43 43 7 0 nontypical 160 302 O 0 162 0 0.4 1 2 normal No
44 44 59 1 nonanginal 150 212 1 0 157 0 1.6 1 0 normal No
45 45 61 0 asymptomatic 130 330 0 2 169 0 0.0 1 0 normal Yes
X Age Sex ChestPain RestBP Chol Fbs RestECG MaxHR ExAng Oldpeak Slope Ca Thal AHD
2 2 67 1 asymptomatic 160 286 O 2 108 1 1.5 2 3 normal Yes
6 6 56 1 nontypical 120 236 0O 0 78 0 0.8 1 0 normal No
9 9 63 1 asymptomatic 130 254 O 2 147 0 1.4 2 1 reversable yes
10 10 53 1 asymptomatic 140 203 1 2 155 1 3.1 3 0 reversable yes
11 11 7 1 asymptomatic 140 192 0 0 148 0 0.4 20 fixed No
12 12 56 0 nontypical 140 294 0 2 153 0 1.2 2 0 normal  No
14 14 44 1 nontypical 120 263 0 0 17 0 0.0 1 0 reversable No
15 15 52 1 nonanginal 72 199 1 0 162 0 0.5 1 0 reversable No
16 16 57 1 nonanginal 150 168 O 0 17 0 1.6 1 0 normal No
7 7 48 1 nontypical 110 229 0 0 168 0 1.0 3 0 reversable ves
20 20 49 1 nontypical 130 266 0 0 71 0 0.8 1 0 normal  No
22 22 58 0 typical 150 283 1 2 162 0 1.0 1 0 normal No
25 25 60 1 asymptomatic 130 206 O 2 132 1 2.4 2 2 reversable ves
35 35 44 1 nonanginal 130 233 0 0 79 1 0.4 1 0 normal No
36 36 42 1 asymptomatic 140 226 0 0 78 0 0.0 1 0 normal  No
39 39 55 1 asymptomatic 132 353 0 0 132 1 1.2 2 1 reversable yves
42 42 40 1 typical 140 199 0 0 78 1 1.4 1 0 reversable No
46 46 58 1 nonanginal 112 230 O 2 185 0 2.5 2 1 reversable ves
7 7 51 1 nonanginal 110 175 0 0 123 0 0.6 1 0 normal No
50 50 53 1 nonanginal 130 197 1 2 152 0 1.2 3 0 normal  No
55 55 &0 1 asymptomatic 130 253 0 0 144 1 1.4 1 1 reversable yves
56 56 54 1 asymptomatic 124 266 O 2 109 1 2.2 2 1 reversable yes
60 60 51 1 typical 125 213 0 2 125 1 1.4 1 1 normal No
61 61 51 0 asymptomatic 130 305 0 0 142 1 1.2 2 0 reversable Yes
65 65 54 1 asymptomatic 120 188 0 0 113 0 1.4 2 1 reversable yves
66 &6 80 1 asymptomatic 145 282 0 2 142 1 2.8 2 2 reversable yves
7 71 65 0 nonanginal 155 269 O 0 148 0 0.8 1 0 normal No




o

fsize

[1] 161210 9@ & 5 2 1
Sdev

[1] 36 36 35 39 46 50 52 71

gk

[1] -Inf 0.000000 0. 500000
$method

[1] "misclass”

attr(,"class™)

[1] "prune” "tree.sequence”

1.000000 2.000000 2.666667

3. 666667 30.000000




300 37 27 20 10 05 0.0 -Inf

70

65

60

55

50

45
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35

size




Age 4 535

ChestPain: nonanginal,nontypical

X <38

Yes
No
No

[1] No No Yes Yes Yes No Yes Yes No Yes NO No Yes No No Yes Yes Yes NO No Yes Yes NOo Yes Yes Yes
No Yes Yes Yes

[31] No Yes No Yes No No NO Yes Yes Yes No No Yes NOo No No Yes No Yes Yes Yes Yes Yes Yes No No
Yes Yes Yes Yes

[61] No Yes No Yes Yes Yes Yes Yes No No Yes No Yes Yes Yes Yes Yes Yes No NO Yes Yes Yes Yes Yes Yes
Yes Yes No  Yes

[91] yes Yes No Yes No No Yes Yes Yes Yes No No No Yes Yes NO No No No Yes NO Yes NO No Yes No
No  No Yes Yes
[121] No Yes Yes Yes Yes No Yes Yes NO Yes NO Yes Yes NO No Yes Yes Yes No Yes Yes NO Yes No Yes Yes
No  Yes Yes Yes
[151] No
Levels: No Yes




Confusion Matrix and Statistics

Reference
Prediction No yes
MO 54 &
Yes 28 63

ACcuracy @ 0.7748
95% CI : (0.6998, 0.8387)
Mo Information Rate : 0.543
P-value [Acc > NIR] : 2.86e-00

Kappa : 0.5575
Mchnemar 's Test P-Value : 0.0003164

sensitivity : 0.6585
specificity : 0.9130

Pos Pred wvalue : O.9000

Neg Pred walue : 0.69232
Prevalence : 0.5430

Detection Rate : 0.3576
Detection Prevalence : 0.3974
Balanced Accuracy : 0.7858

"Positive’ Class @ No

[1] 20840 2]
"data.frame’: 20640 obs. of 9 wvariables:
$ MedianHousevalue: num 452600 358500 352100 341300 342200 ...
$ MedianIncome D num §.33 8.3 7.26 5.64 3.85 ...
$ MedianHouseAge @ num 41 21 52 52 52 52 532 52 42 52 ...
$ TotalRooms : num B8O 7099 1467 1274 1e27 ...
$ Totaleedrooms : num 129 1106 190 235 280 ...
$ Population : num 322 2401 496 558 565 ...
$ Households Donum 126 1138 177 219 259 ...
$ Latitude Donum 37.9 37.9 37.9 37.9 37.9 ...
$ Longitude Donum 122 -122 -122 -122 -122 ...

1 452600 8.3252 37.
2 358500 §.3014 21 7099 1106 2401 1138 37.
3 352100 7.2574 52 1467 190 496 77 37.
4 341300 5.6431 52 1274 235 558 219 37.
5 342200 3.8462 52 1627 280 565 259 37.
G 269700 4.0368 52 919 213 413 193 37.

MedianHousevalue MedianIncome MedianHouseAge TotalRooms TotalBedrooms Population Households Lati
4 12 32

88
86
85
85
85
85

-122
-122
-122
-122
-122
-122

tude Longitude

.23
.22
.24
.25
.25
.25




MedianHousevalue MedianIncome MedianHouseAge TotalRooms TotalBedrooms Population

Min. : 14999 Min. : 0.4999 mMin. :1.00  Min. : 2 min. : 1.0  m™in. : 3
1st qQu. :119600 1st Qu.: 2.5634 1st qQu. :18.00 1st Qu.: 1448 1st qQu.: 295.0 1st qQu.: 787
Median :179700 Median : 3.5348 Median :29.00 Median : 2127 Median : 435.0 Median : 1166
Mean 1206856 Mean : 3.8707 Mean 128,64 Mean : 2636 Mean : 537.9 Mean 1 1425
3rd Qu. :264725 3rd Qu.: 4.7432 Ird qQu. :37.00 3rd qQu.: 3148 3rd qQu.: 847.0 3rd qQu.: 1725
Max. : 500001 Max. :15.0001 Max. :52.00 Max. $39320 Max. 16445.0 Max. 135682
Households Latitude Longitude
Min. : 1.0 Min. 132.54 Min. 1-124.3
1st qQu.: 280.0 1st Qu.:33.93 1st Qu.:-121.8
Median : 409.0 Median :34.26 Median :-118.5
Mean : 499.5 Mean :35.63 Mean :-119.6
Ird Qu.: 605.0 Ird Qu.:37.7 Ird Qu.:-118.0
Max. 16082.0 Max. 141,95 Max. :-114.3
Regression tree:
tree(formula = Tog(MedianHousevalue) ~ Longitude + Latitude,
data = realestate)
Number of terminal nodes: 12
Residual mean deviance: 0.1662 = 3429 / 20630
Distribution of residuals:
Min. 1st Qu. Median Mean 3rd qu. Max.
-2.75900 -0.26080 -0.01359 0.00000 O.26310 1.84100
f




Latitude < 37.925

Longitude < -121.655 Latitude < 39.355

Latitude < 34.675

12.48 12.10

Longitude [ -118.315 Longitude [ -120.276

1.73 11.32
Longitude < -117.546

Latitudq < 33.725 Latitude < 33 59
Longitude < -116.33

12.53

M

175 11.28

0% 10%

20% 30% 40% 50% 60% 70% BO% 90%  100%
14999 E§2300 107200 134000 157300 179700 209400 241930 290000 376600 500001

Min. 1st qu.
15000 120600

Median Mean 3rd qu. Max.
179700 208500 266000 500000

[1] (3.77e+05,5e+05]
[6] (2.42e+05,2.9%9e+05]

10 Levels: [1.5e+04,8,23e+04] (8.23e+04,1.07e+05] (1.07e+05,1.34e+05] ..

(2.92+05,3.77e+05] (2.9e+05,2.77e+05] (2.9e+05,3.77e+05] (2.9e+05,

. (3.77e+05,5e+05]

. 77e+05]

[1.5e+04,8.23e+04] (8.23e+04,1.07e+05] (1.07e+05,1.34e+05] (1.34e+05,1.57e+05]

2066 2063 2064 2065
(1.57e+05%,1.8e+05] (1.8e+0%,2.09e+05] (2.09e+05,2.42e+05] (2.42e+05%,2.9e+05]

2065 2067 2058 2067
(2.9e+05,3.77e+05] (3.77e+05, 5e+05]

2062 2063




38 40 42

Latitude

38
1

34
1

-124 -122 -120 -118 -116

Longitude

-114

M. 1§t qu. Median - Meah 3rd qu. Max.
-124.4 -121.8 -118.5 -119.6 -118.0 -114.3

[1] -122.23 -122.22 —122.34 -122.25 -122.25 -122.25

Min., 1st Qu. Median Mean 3rd qQu. Max.
32.54 33.93 34. 26 35.603 3I7.71 41.495

[1] 37.88 37.86 37.85 37.85 37.85 37.85




42

13

40

38
!

36
!

1.2

-124 -122 -120 -118 -116

Longitude

-114

Regression tree:

tree(formula = lTog{MedianHousevalue) ~ Longitude + Latitude,
data = realestate, mindev = 0.001)

Number of terminal nodes: &8

Residual mean deviance: 0.1052 = 2164 / 20570

Distribution of residuals:
Min. 1st qQu. Median Mean 3rd qQu. Max.

-2.94700 -0.19790 -0.01872 0.00000 0.19970 1.60600




=

Longitude <-121.858 Latitude < 29,355
SR

Long it EReads o1

Latitude < 37,935 Latitude < 34,875

T B

<-122.305
Longitude <-122.805 Latr

Lot A AR B A0 2

Longitude < -118.315 Longitude < -120.275

e

12an 4178 31 99

Longitude <-117.645

Latitude = 34,185
Longitude < -{; e 2 ek 485

Lefiftfiudens 388 Latitue < 32725 Lstitude < 33.59

Latitude < 34.105 Longituds &nbifilldde. 124080
tuce <116 185 438585
oratuoe o #RTREEET e 11710

S

=

12,4 oy 4 581 641 71330 28064

12.88 128221 52 180 .91
1232283 pp 3 A0 4RI 33 oA gz #E T2

Len,

1288 11apez 42
1zaz P72

1288 11,710,281
17 a5 A2.21.88 “1am




Regression tree:

tree(formula = log{MedianHousevalue) ~ ., data = realestate)
variables actually used in tree construction:
[1] "medianIncome" "Latitude" "Longitude” "MedianHouseage”

Number of terminal nodes: 15
Residual mean deviance: 0.1321 = 2724 / 20620
Distribution of residuals:

Min. 1st qu. Median Mean 3rd qu. Max.
-2.86000 -0,22650 -0.01475 0.00000 0,20740 2.03900




Medianincome < 2.51025 Medianincome < 5.5892

Latitude = 34 465 Latitude = 37.925
Longitude <-122.235
Longitude <-117.775 Longitude <-120.275 Latitude < 34.455 MedianHouseAge =< 38.5 Medianincome < 7.393
Latitude = 37.905 Longitude <-117.765 Longitude =-120.385
1168
12.48

annn PP i 1221 12 48 12 Ad 1298




2012-01-03
2012-01-04
2012-01-05
2012-01-06
2012-01-09
2012-01-10
2012-01-11
2012-01-12
2012-01-13
2012-01-17
2012-01-18
2012-01-19
2012-01-20
2012-01-23
2012-01-24
2012-01-25
2012-01-26
2012-01-27
2012-01-30
2012-01-31
2012-02-01
2012-02-02
2012-02-03
2012-02-06
2012-02-07
2012-02-08
2012-02-09
2012-02-10
2012-02-132
2012-02-14
2012-02-15
2012-02-16
2012-02-17
2012-02-21

92.
93.
9a.
. 435897
08.
. 664109
.014319
45.
. 354816
39.
. 711649
65.
. B2EEO9
B4,
51.
43.
49,
6l.
.102066
BE.
o1.
o4.
o4.
98.
977139
. 331575
56.
40.
21.
55.
34.

-

-

-

-

-

-

-

-

-

EMA

MA

MA

MA
592593
495935
078431

BGB25E

653652

192256

434854

090916
691301
341684
463943
835597

B07 546
969539
722215
886539
059105

532020
BOB355
651993
BO6E95
507992




2012-01-13 -0.0120370370
2012-01-17 0.0846419753
2012-01-18 -0.0302386831
2012-01-19 0.4531742112
2012-01-20 0.1287B2B0O75
2012-01-23 0.2058552050
2012-01-24 0.12329034700
2012-01-25 0.1426023133
2012-01-26 0.2617348756
2012-01-27 0.0144899170
2012-01-30 -0.0436733886
2012-01-31 -0.0024489258
2012-02-01 0.0517007162
2012-02-02 0.1544671441
2012-02-03 0.2563114294
2012-02-06 0.2575409529
2012-02-07 0.2783606353
2012-02-08 0.1922404235
2012-02-09 0.3614936157
2012-02-10 0.0676624105
2012-02-12 0.1917749403
2012-02-14 0.047E8499602
2012-02-15 -0.0614233599
2012-02-16 -0.2409555732
2012-02-17 0.0593629512
2012-02-21 0.0329086341
2012-02-22 0.0419390894
2012-02-23 -0.0320406071
2012-02-24 0.0319729286
2012-02-27 -0.1520180476
2012-02-28 0.0719879683
[1] 502 1

An ‘xts’ object on 2012-01-03/2013-12-31 containing:
Data: num [1:502, 1] NA NA NA NA 5.94 ...
- attr(*, "dimnames")=List of 2
L% NULL
.5 chr "EmMA"
Indexed by objects of class: [Date] TZ: UTC
Xts Attributes:
List of 2
$ src : chr "yahoo"
§ updated: PoOsSIXct[1:1], format: "2016-07-22 15:13:25"




2012-01-03
2012-01-04
2012-01-05
2012-01-06
2012-01-09
2012-01-10
2012-01-11
2012-01-12
2012-01-13
2012-01-17
2012-01-18
2012-01-19
2012-01-20
2012-01-23
2012-01-24
2012-01-25
2012-01-26
2012-01-27
2012-01-30
2012-01-31
2012-02-01
2012-02-02
2012-02-03
2012-02-06
2012-02-07
2012-02-08
2012-02-09
2012-02-10
2012-02-13
2012-02-14
2012-02-15
2012-02-16
2012-02-17
2012-02-21
2012-02-22

macd

NA

NA

NA

MA

MNA

MA

MA

NA

NA

NA

NA

MA

MNA

MA

MA

NA

NA

NA

NA

MA

MNA

MA

MA

NA

NA

. 805070032
.085846209
. 922208050
. 922024506
. 696811589
.Z2B3884784
. 569682439
272487938
. 955405657
. 667469977

[ B Iy B Tt B Y IR I 2 TR

signal
MA
MA
MA
MA
MA
MA
MA
MA
MA
MA
MA
MA
MA
MA
MA
MA
MA
MA
MA
MA
MA
MA
MA
MA
MA
MA
MA
MA
MA
MA
MA
MA
MA
7.279269023
6.956000214

2012-01-03
2012-01-04
2012-01-05
2012-01-06
2012-01-09
2012-01-10

macd signal

MA MA
MA MA
MA MA
MA MA
MA MA
MA MA




2012-01-17
2012-01-18
2012-01-19
2012-01-20
2012-01-23
2012-01-24
2012-01-25
2012-01-26
2012-01-27
2012-01-30
2012-01-31
2012-02-01
2012-02-02
2012-02-03
2012-02-086
2012-02-07
2012-02-08
2012-02-09
2012-02-10
2012-02-13
2012-02-14
2012-02-15
2012-02-16
2012-02-17
2012-02-21
2012-02-22
2012-02-23
2012-02-24
2012-02-27
2012-02-28
2012-02-29

[ IV R ey T ) TRt |

MA
MA
MA
MA
MA
MA
MA
MA
MA
MA
MA
MA
MA
MA
MA
MA
MA
MA
MA
MA
MA
MA
MA
MA

L 279269023
. 956909214
. 622470704
. 208893029
.032154164
. 5396629643
. 307348654




2012-01-12
2012-01-13
2012-01-17
2012-01-18
2012-01-19
2012-01-20
2012-01-23
2012-01-24
2012-01-25
2012-01-286
2012-01-27
2012-01-30
2012-01-31
2012-02-01
2012-02-02
2012-02-03
2012-02-086
2012-02-07
2012-02-08
2012-02-09
2012-02-10
2012-02-13
2012-02-14
2012-02-15
2012-02-186
2012-02-17
2012-02-21
2012-02-22
2012-02-23
2012-02-24
2012-02-27

&0.
82.
B1.
El1.
g1.
.4958391
. 6591168
68.
65.
62.
59.
56.
50.

-
i

-
i

MA
MA
MA
MA
MA
MNA
MNA
MA
MA
MA
MA
MA
MA
MNA
MNA
MA
MA
MA
3129074
8902932
1582428
7157047
1498062

1994284
4572862
9139401
2364325
2995258
2837206

-

-

-

MA
MA
MA
MA
MA
MNA
MNA
MA
MA
MA
MA
MA
MA
MNA
MNA
MA
MA
MA
MA
MA
MA
MNA
MNA
MA
MA
MA

78306943
00924356
05468134
6E.
64.

10365022
53966610




2012-02-03
2012-02-086
2012-02-07
2012-02-08
2012-02-09
2012-02-10
2012-02-13
2012-02-14
2012-02-15
2012-02-186
2012-02-17
2012-02-21
2012-02-22
2012-02-23
2012-02-24
2012-02-27
2012-02-28
2012-02-29
2012-03-01
2012-03-02
2012-03-05
2012-03-086
2012-03-07
2012-03-08
2012-03-09
2012-03-12
2012-03-13
2012-03-14
2012-03-15
2012-03-18
2012-03-19

80.
82.
El1.
g1.
g1.
.4958391
.6591168
68.
65.
62.
50.
56.
50.
4.
4.
45.
46,

-

-

-

i .

43,
30.
.BO43691
38.
38.
38.
43,
50.
5B.
65.

-
i

MA
MA
MA
3129074
8992932
1582428
7157047
1498062

1994284
4572862
9139401
2364325
2995258
2837296
8890757
3290434
7386847
3724049
5768473
OaBe727
0152520

6988311
4206230
8030183
3628586
4453915
2642458
7203044

-

-

-

-
i

MA
MA
MA
MA
MA
MNA
MNA
MA
MA
MA
MA

78306943
. 00924356
05468134
6E.
64.
61.
58.
55.
33.
52.
50.
48.
44.
44,
43.
42.
42,
44,
10479819
50.

10365022
53966610
00954803
07344711
60649462
79967668
55511079
B3VE2317
47330804
33952098
81138300
53323099
58718845
78232248
31493628

82791743




2012-01-286
2012-01-27
2012-01-30
2012-01-31
2012-02-01
2012-02-02
2012-02-03
2012-02-086
2012-02-07
2012-02-08
2012-02-09
2012-02-10
2012-02-13
2012-02-14
2012-02-15
2012-02-18
2012-02-17
2012-02-21
2012-02-22
2012-02-23
2012-02-24
2012-02-27
2012-02-28
2012-02-29
2012-03-01
2012-03-02
2012-03-05
2012-03-06
2012-03-07
2012-03-08
2012-03-09

&0.
82.
81.
B1.
El1.
.4958391
. 6591168
68.
65.
62.
39.
56.
50.
4.
44.
45.
4.

-

-

-

i

43,
39.
. BO43691
IE.

-
i

MA
MA
MA
MA
MA
MNA
MNA
MA
MA
3129074
£992932
1582428
7157047
1498062

1994284
4572862
9139401
2364325
2995258
2837206
BEOOVSY
3290434
7386847
5724049
5768473
96Be727
0152520

698E311




2012-01-03
2012-01-04
2012-01-05
2012-01-06
2012-01-09
2012-01-10
2012-01-11
2012-01-12
2012-01-13
2012-01-17
2012-01-18
2012-01-19
2012-01-20
2012-01-23
2012-01-24
2012-01-25
2012-01-26
2012-01-27
2012-01-30
2012-01-31
2012-02-01
2012-02-02
2012-02-03
2012-02-06
2012-02-07
2012-02-08
2012-02-09
2012-02-10
2012-02-13

BAC.Close
Up”

"Up"

"Up"
"DOWN"
“Up”

“Up"

Up"
"DOWN"
“Up™
"DOWN"
Tt
"DOWN"
“Up”

“Up"

Up"

“UR"™
"DOWN"
T

" DOWM
"DOWN"
“Up”
“Up"
Up"
“UR"™
"DOWN"
T
"DOWN"
nup"

" DOWN

An ‘xts’ object on 2012-01-03/2013-12-31 containing:

pata: chr [1:502, 1] "uP™ "uP" "UP" "DOWN" "UP" "UP" "UP"

- attr(®, "dimnames")=List of 2

o8 o NuLL

..% 1 chr "Bac.Close”
Indexed by objects of class: [Date] TZ:
xts Attributes:

NULL

" DOWN"

"up"

"DOWN"

"up"




EMA BAC.Open signal SMI BAC.Close
2012-01-03 NA NA NA NA up
2012-01-04 MA MNA MA MNA up
2012-01-05 NA NA NA NA up
2012-01-06 92,592593 NA MNA NA DOWN
2012-01-09 93.495935 0.32240000000 NA NA up
2012-01-10 96.078431 0.3360000000 MNA NA up
2012-01-11 97.4325897 0.32306666667 NA NA up
2012-01-12 98, E6E258 0.4804444444 MNA NA DOWN
2012-01-13 47.664109 -0.0130370370 NA NA up
2012-01-17 57.014319 0.084641975%3 MNA NA DOWN
2012-01-18 45.653652 -0.0302386831 NA MNA up
2012-01-19 79, 354816 0.4531742112 MNA NA DN
2012-01-20 59.192256 0.12B7828075 NA MNA up
2012-01-23 67.711649 0.2058552050 MNA NA up
2012-01-24 65.434854 0.1239034700 MA MNA up
2012-01-25 71. 828809 0.1426023133 NA NA up
2012-01-26 84.090916 0.261734875%6 MA MNA DOWN
2012-01-27 51.691301 0.0144899170 NA NA up
2012-01-30 43.341684 -0.0436733886 MA MNA DOWN
2012-01-31 49.463943 -0.0024489258 NA NA DN
2012-02-01 61.E835597 0.0517007162 MA MNA up
2012-02-02 79.102066 0.1544671441 NA NA up
2012-02-03 E8,.E807546 0.2563114294 MNA NA up
2012-02-06 91.969539 0.2575409529 NA NA up
2012-02-07 94,722215 0.2783606353 MNA NA DOWN
2012-02-08 94. 886539 0.1922404235 Na  BO. 32129074 up
2012-02-09 98,.059105 0.361493615%7 Na  B2.8992932 DOWN
2012-02-10 57.977139 0.0676624105 NA  B1.1582428 up
2012-02-13 72.331575 0.1917749403 NA  BLl.7157047 DOWN
EMA BAC.Open signal SMI BAC.Close
2012-01-03 MA NA NA  MA up
2012-01-04 MA NA NA  MA up
2012-01-05 MA NA NA  MA up
2012-01-06 92.59259 NA NA  NA DOWN
2012-01-09 93.49593 0.324 NA  NA up
2012-01-10 96.07843 0.336 NA  NA up
‘data.frame’: 502 obs. of 5 variables:

§ EMA

$ BAC.Open :
$ signal

§ sMI

§ BAC.Close:

Donum o NA NA NA

num  NA NA NA

onum  NA NA NA
onum  NA NA NA
Factor w/ 2 levels "DOWN","UpP":

92.6 93.5 ...
NA 0,324 ...

NA NA NA NA NA NA NA ...
NA NA NA NA NA NA NA ...
2221222121...

[1] "relativestrengthIndex3"”

[4] "stochasticoscillator”

"binaryclassification”

"exponentialMovingAverageDiff” "MACDsignal”




relativeStrengthindex3

exponentialMovingAverageDiff MACDsignal stochasticOscillator

binaryClassification

2012-02-21 54807992 0.032808634 7.279269023 654572862 UP

2012-02-22 58.450340 0.04193508%4 £.956809214 62.9139401  DOWN

2012-02-23 42.393436 -0.0320406071 6.622470704 59.2364325 UP

2012-02-24 57.851032 0.0319729286 6.298893029 56.2995258 DOWN

2012-02-27 25408018 -0.1520180476 5.932154164 50.2837296 UP

2012-02-28 59.487389 0.0719879683 5.596629643 468890757 UP

2012-02-29 68.593445 01213253122 5.307348654 463290434 DOWN

2012-03-01 56476240 0.0342168748 5.035722759 457386847 UP

2012-03-02 59.539437 0.0361445832 4781732933 46.5724049  UP

2012-03-05 53.854072 0.0107630555 4.537052201 475768473 DOWN

2012-03-06 16.724239 -0.199459125964 4,238735482 439686727 DOWN

2012-03-07 24.300395 -0.1129941976 3.913826916 39.0152520 UP

2012-03-08 65318323 0.0980038683 3645464627 37.8043691 DOWN

2012-03-09 70.006417 0.0986692455 3417166445 38.6988311  DOWN

2012-03-12 48411252 -0.0075538363 3.199182324 384206230 DOWN

2012-03-13 58.807692 0.0349641091 3.003753810 38.8030183 UP

2012-03-14 89.630630 0.4166427354 2.942658473 435628586 UP

2012-03-15 93.554439 0.4910951596 3.022805761 50.4453915  UP

2012-03-16 96.343401 0.6140634397 3.259451282 58.2642458 UP

2012-03-19 97.653738 0.6560422932 3.638235347 65.7203944 DOWN

2012-03-20 a0.181102 0.3373615288 4.044359154 £9.8327010  UP
relativestrengthIndex3 exponentialMovingaverageDiff MACDsignal stochasticoscillator

2012-02-21 54.80799 0.03290863 7.279269 65.45729

2012-02-22 58.45034 0.04193909 6.956909 62.91394

2012-02-23 42.89344 -0.03204061 6.622471 59.23643

2012-02-24 7.85103 0.03197293  &.298893 56.29953

2012-02-27 25.40802 -0.15201805  5.932154 50.28373

2012-02-28 59.48739 0.07198797  5.596630 46. 88908
binaryClassification

2012-02-21 up

2012-02-22 DOWN

2012-02-23 up

2012-02-24 DOWN

2012-02-27 up

2012-02-28 up

ata.frame’

469 obs.

relativestrengthIndex3

exponent1a1M0v1ngAverageD1ff

stochasticoscillator
binaryclassification

d
)
§
$ MACDsignal
$
§

of

5 variables:

num 54.8 58.5 42,9 57.9 25.4 ...

num 0.0329 0.0419 -0.032 0.032 -0.152
num 7.28 6.96 6.62 6.3 5.93

num €5.3 62.9 59.2 56.3 50.3

Factor w/ 2 levels "DOWN","Uup™: 21 21221221




[1] 469 5

relativeStrengthindex3 exponential Moving AverageDiff MACDsignal stochasticOscillator binaryClassification

2012-02-21 54.807992 0.0325086341 7.279268023 654572862 UP
2012-02-22 58.450340 0.0419390854 £.956200214 62.9139401  DOWN
2012-02-23 42.893436 -0.0320406071 6.622470704 592364325  UP
2012-02-24 57.851032 0.0319729236 6.293893029 562995258 | DOWN
2012-02-27 25408018 -0.1520180476 5.932154164 50,2837296  UP
2012-02-28 55.487389 0.07198796383 5.596629643 46.3890757 | UP
2012-02-29 68.553445 01213253122 5307348654 463250434 DOWN
2012-03-01 56476240 0.0342168748 5035722759 457386847 UP
2012-03-02 59.539437 0.0361445832 4731732933 46.5724049 UP
2012-03-05 53.854072 0.0107630555 4.537052201 47.5768473 | DOWN
2012-03-06 16724238 -0.1994%12964 4,238735482 43.9686727 DOWN
2012-03-07 24,300395 -0.1129941976 3.918826916 39.0152520  UP
2012-03-08 65.318323 0.0930038683 3645464627 378043691 DOWN
2012-03-09 T0.006417 0.0986692455 3417166445 38.6988311 DOWN
2012-03-12 48411252 -0,0075538363 3199182324 384206230 DOWN
2012-03-13 58.807692 0.0349641091 3.003753810 33.8030183 | UP
2012-03-14 89.630630 04166427394 2942658473 43.5628586  UP
2012-03-15 93.554439 0.49109515%96 3.022805761 50.4453915  UP
2012-03-16 96.343401 06140634397 3.255451282 58.2642458 UP
2012-03-19 97.653738 0.6560422932 3.638235347 657203944  DOWN
2012-03-20 80181102 0.3373615288 4,044358154 69,8327010 UP
2012-03-21 87.538815 0.4449076858 4,452232419 743646318 DOWN
‘data.frame’: 312 obs. 5 variables:

$ relativestrengthIndex3 : 54.8 58.5 42.9 57.9 25.4 ...

$ exponentialMovingAveragepiff: num 0.0329 0.0419 -0.032 0.032 -0.152

$ MACDsignal 7.28 6.96 6.62 6.3 5.93

$ stochasticoscillator num &5.5 62.9 59.2 56.3 50.3 ...

$ binaryClassification Factor w/ 2 Tlewvels "DOWN","UP": 21 21221221




relativeStrengthindex3

exponential MovingAverageDiff MACDsignal stochasticOscillator

binar yClassification

2013-05-20 65325949 0.0730539531 1.98313400 69.6679580 | UP
2013-05-21 78,156846 0.1420359687 2,13036004 720639927 DOWMN
2013-05-22 67.458592 0.0680239792 2.25183036 739600584 DOWN
2013-05-23 17410830 -0.3279840139 227747286 694201295 | UP
2013-05-24 44080812 -0.0586560093 2,26575090 65.3480900 UP
2013-05-28 66.024066 01742293272 2.26484286 &4, 7043951  DOWN
2013-05-29 49.601280 -0.0038471152 2.24360230 £63.2583992 | UP
2013-05-30 63.841750 01241019232 2,22847156 63.6817730  UP
2013-05-31 81114381 0.3560679483 2.26183097 858115477 DOWN
2013-06-03 58,582063 0.0907119659 2,29181066 65.8819964 DOWMN
2013-06-04 43.695489 -0.0595253561 2.29123360 633083314 DOWN
2013-06-05 29.805575 -0.1863502374 2.24007639 576419193 | DOWN
2013-06-06 20,482875 -0.2642334916 2,12973132 45,0406161  UP
2013-06-07 43.979315 -0.00943355944 2.01314392 427848515 | UP
2013-06-10 62039679 0.1003406704 191329325 393453410 DOWN
2013-06-11 32.445075 -0.1864395531 1.77933613 32.8073058 UP
2013-06-12 45731641 -0.0376263687 1.64254716 265032382 DOWN
2013-06-13 29,609063 -0.1850842458 147858272 182167820 UP
2013-06-14 53.284086 0.0259438361 1.33046817 122603547  DOWN
2013-06-17 47.086977 -0.0200374426 1.18979644 66571619 UP
2013-06-18 53.803044 0.0199750383 1.06447974 1.9930456 UP
2013-06-19 63.525236 0.0599333539 0.96136615 -0.1580052 DOWMN
"data.frame’: 157 obs. of 35 variables:

$ relativestrengthIndex3 D num 65.3 ¥8.2 67.5 17.4 44,1 ...

$ exponentialMovingaverageDiff: num 0.0731 0.142 0.068 -0.328 -0.0587

$ macDsignal Donum 1.98 2,13 2.25 2.28 2.27

$ stochasticoscillator num 69.7 72.1 74 69.4 65.3

% binaryClassification Factor w/ 2 levels "DOWN","uP": 2112212211
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Regression tree:

rpart{formula = binaryClassification ~ relativestrengthIndex3 +
exponentialMovingAverageDiff + MACDsignal + stochasticoscillator,
data = Trainingbataset, cp = 0.001)

variables actually used in tree construction:

[1] exponentialMovingAverageDiff MACDsignal stochasticoscillator

Root node error: 379763/312 = 1217.2

X-val Relative Error

n= 312

CP nsplit rel error Xerror xstd
1 0.6161391 0 1.000000 1.006621 0.0805080
2 0.1385847 1 0.383861 0.425413 0.0258015
3 0.1279509 2 0.245276 0.239488 0.0171030
4  0.02343200 3 0.117325 0.148520 0.0100709
5 0.0184278 4 0.093895 0.112485 0.0088131
6 0.0139817 5 0.075468 0.093846 0.0074399
7 0.0114713 6 0.061486 0.090516 0.0073090
& 0.0109389 7 0.050015 0.083841 0.0068419
9 0.0024908 8 0.039076 0.055447 0.0044426
10 0.0020731 9 0.036585 0.049021 0.0037592
11 0.0018220 10 0.034512 0.047577 0.0036377
12 0.0017162 11 0.032690 0.046951 0.0038975
13 0.0015551 12 0.030973 0.045004 0.0034110
14 0.0015058 13 0.02941E8 0.044700 0.0034306
15 0.0010804 14 0.027913 0.042956 0.0032516
16 0.0010000 15 0.026832 0.041428 0.0032116

number of splits
0 1 3 7 8 10 13 15 17

12

1.0

Inf 0.058 0.041 0.029 0022 0015 0.0096 0.0048

cp




MACDsign < 0.56

>=0.56

MACDsign <-1.3 MACDsign < 3.4 \

i >=13 >=34

actual

predicted DOWN UP
DOWN 64 53
up 23 17

as of 0.4-0, ‘getsymbols’ uses env=parent.frame() and
auto.assign=TRUE by default.

This behavior will be phased out in 0.5-0 when the call will
default to use auto.assign=FALSE. getOption( getSymbols.env”) and
getoptions("getsymbols. auto. assign”) are now checked for alternate defaults

This message is shown once per session and may be disabled by setting
options("getsymbols.warningd.0"=FALSE). See 7getsSymbols for more details.

[1] "mapPL"

[1] Tues wed Thurs Fri MO Tues
Levels: sun < Mon < Tues < Wed < Thurs < Fri < 5at




AAPL.Close
2012-01-03 1.830002
2012-01-04 3.4399499
2012-01-05 3.079990
2012-01-086 2.629994
2012-01-09 -3.769992
2012-01-10 -2.669994

Index

Min.
1st qQu.:
Median
Mean

3rd Qu. :
Max.

12012-01-03

2012-07-02

12013-01-02
12013-01-01

2013-07-02

:2013-12-31

AAPL.Close
M. :-30.1200
1st Qu.: -5.0075
Median : -0.1500
Mean : -0.5479
3rd Qu.: 3.7325
Max. : 30.7a00

[1] 502

1




2012-01-03
2012-01-04
2012-01-05
2012-01-06
2012-01-09
2012-01-10
2012-01-11
2012-01-12
2012-01-13
2012-01-17
2012-01-18
2012-01-19
2012-01-20
2012-01-23
2012-01-24
2012-01-25
2012-01-26
2012-01-27
2012-01-30
2012-01-31
2012-02-01
2012-02-02
2012-02-03
2012-02-086
2012-02-07
2012-02-08
2012-02-09
2012-02-10
2012-02-13

AAPL.Close
"R

"R

”UP”

”UP”

"DOWN"
"DOWN
DOWM
"DOWN"

Index

Min.
1st qQu.
Median
Mean
Ird qQu. :
Max.

:2012-01-03
:2012-07-02
12013-01-02
:2013-01-01

2013-07-02

12013-12-31

AAPL.Close
DOWN: 257
UP  :245




weekDays AAFL.Close
2012-01-03 Tues upP
2012-01-04 wed upP
2012-01-05% Thurs up
2012-01-06 Fri up
2012-01-09 Mon DOWN
2012-01-10 Tues DOWN
2012-01-11 wed DOWN
2012-01-12 Thurs DOWN
2012-01-13 Fri upP
2012-01-17 Tues upP
2012-01-18 wed up
2012-01-19 Thurs DOWN
2012-01-20 Fri DOWN
2012-01-23 Mo up
2012-01-24 Tues DOWN
2012-01-25 wed DOWN
2012-01-26 Thurs DOWN
2012-01-27 Fri upP
2012-01-320 Mon up
2012-01-21 Tues up
2012-02-01 wed DOWN
2012-02-02 Thurs DOWN
2012-02-03 Fri up
2012-02-06 Mon upP
2012-02-07 Tues upP
2012-02-08 wed upP
2012-02-09 Thurs up
2012-02-10 Fri up

weekDays AAPL.Close
2012-01-03 Tues up
2012-01-04 wed up
2012-01-05 Thurs up
2012-01-06 Fri up
2012-01-09 Mon DOWN
2012-01-10 Tues DOWN

[1] 502 2




Naive Bayes Classifier for Discrete pPredictors

call:

naivebBayes. default(x = aapLDataset[, 1], y = AAPLDataset[, 2])

A-priori probabilities:
AAPLDataset[, 2]

DOWN up
0.5119522 0,.4BB0478

conditional probabilities:
x
AAPLDataset[, 2] sun Mon Tues wWed

Thurs

Fri

Sat

DOWN 0.0000000 0.1284047 0.1906615 0.2295720 0.2373541 0.2140078 0.0000000

upP 0.0000000 0.2530612 0.2163265 0.1755102 0.1632653 0.1918367

0. 0000000




2012-01-03
2012-01-04
2012-01-05
2012-01-06
2012-01-09
2012-01-10
2012-01-11
2012-01-12
2012-01-13
2012-01-17
2012-01-18
2012-01-19
2012-01-20
2012-01-23
2012-01-24
2012-01-25
2012-01-26
2012-01-27
2012-01-30
2012-01-31
2012-02-01
2012-02-02
2012-02-03
2012-02-086
2012-02-07
2012-02-08
2012-02-09
2012-02-10
2012-02-13
2012-02-14
2012-02-15
2012-02-16
2012-02-17
2012-02-21

415.
419,
420.
421.
420.
421.
423,
425,
426.
425,
425,
434,
439,
441.
442,
444,
450.
452.
454,
455,
458.
462.
468.
474,
483,
4490.
49E.
4986,
498,
501.

EMA
MA
MA
MA
MA

9240
2527
3951
0234
5823
7882
5121
7247
3132
D98E
0992
8795
3730
0286
3891
9227
7518
4679
0786
5124
7583
6722
7015
1210
9240
8360
6440
2627
5451
3234

Index

Min.
1=t qQu.
Median
Mean
Ird gu.:
Max.

:2012-01-032
:2012-07-02
120132-01-02
12013-01-01

20132-07-02

12013-12-31

EMA

Min.
1st Qu. :
Median
Mean

Ird qQu.:
Max.
NA'S

:400.
454,
1522,
1525,
5E1.
1697,

S HwmE




2012-01-032
2012-01-04
2012-01-05
2012-01-06
2012-01-09
2012-01-10
2012-01-11
2012-01-12
2012-01-132
2012-01-17
2012-01-18
2012-01-19
2012-01-20
2012-01-23
2012-01-24
2012-01-25
2012-01-24
2012-01-27
2012-01-30
2012-01-31
2012-02-01
2012-02-02
2012-02-03
2012-02-06
2012-02-07
2012-02-08
2012-02-09
2012-02-10
2012-02-13
2012-02-14
2012-02-15
2012-02-16
2012-02-17
2012-02-21
2012-02-22

419,
420.
422,
423,
423,
423,
429,
432,
434,
43a6.
440,
443,
445,
447,
449,
452.
455.
460.
465,
472.
L9753
484,
485.
488,
492,
4946,

T7T
Ty

EMA
MA
MNA
MA
MA
MA
MA
MA
MA
MA

43490
BOG5
5053
4116
2768
6083
2140
6951
B124
7938
2112
5201
7710
ga72
7786
5914
B477
377

Q377

0454

5725
8321
9735
2292
0203




Index
M. 1 2012-01-03
1st qQu, :2012-07-02
Median :2013-01-02
Mean 2013-01-01
Ird Qu.:2013-07-02
Max. :2013-12-31

EMA
M1 . 1408,
1st Qu. :452.
Median :521.
Mean 1525,
Ird Qu. :579.
Max. 1690,
NA'S 19

WD R Feon B

[1] 502 1




EMA
2012-01-03 Ma
2012-01-04 Ma
2012-01-05 M
2012-01-06 MA
2012-01-09 M
2012-01-10 e
2012-01-11 Ma
2012-01-12 M
2012-01-13 Ma
2012-01-17 2.349176968
2012-01-18 2.705663418
2012-01-19 3.2159465214
2012-01-20 2.901570272
2012-01-23 1. 822016650
2012-01-24 1.490928211
2012-01-25 5.6065426292
2012-01-26 6.677857137
2012-01-27 6. 216280801
2012-01-30 5.795342146
2012-01-31 0.711473809
2012-02-01 7.231704488
2012-02-02 0. 096875947
2012-02-03 6.211406080
2012-02-086 5.7337E87451
2012-02-07 0.l166676687
2012-02-08 6. 824514652
2012-02-09 B.324272958
2012-02-10 10.183279127
2012-02-13 11.878594211
2012-02-14 12, Ba0669002
2012-02-15 14.071458191
2012-02-16 10.430590131
2012-02-17 9.571593757
2012-02-21 9. 094168840
Index EMA
M. 12012-01-03 M. -17. 3855
1st qQu. :2012-07-02 1st Qu.: -4.3898
Median :2013-01-02 Median 1.2982
Mean 2013-01-01 Mean o 0.7234
Ird Qu.:2013-07-02 Ird Qu.: 5.5539
Max. :2013-12-31 Max. 15.0582
NA'S :Q




Index EMA
M. 12012-01-03 M. -17. 3900
1st Qu. :2012-07-02 1st Qu.: -4.3900
Median :2013-01-02 Median 1. 3000
Mean :2013-01-01 Mean 0.7233
Ird qQu.:2013-07-02 Ird Qu.: 5.5500
Max. 2013-12-31 Max. 15, 0a00
NA'S :Q
weekDays EMA AAPL.Close
2012-01-03 Tues A )=
2012-01-04 wed MA )=
2012-01-05 Thurs Ma ]
2012-01-06 Fri MA up
2012-01-09 Mo MA DOWMN
2012-01-10 Tues MA DO
2012-01-11 wWed MA DO
2012-01-12 Thurs MA DO
2012-01-13 Fri A )=
2012-01-17 Tues 2.35 )=
2012-01-18 wWed 2.7 ]
2012-01-19 Thurs 3.22 DO
2012-01-20 Fri 2.90 DOWMN
2012-01-23 Maon 1. 82 ()=
2012-01-24 Tues 1.49 DO
2012-01-25 wWed 5.867 DO
2012-01-26 Thurs 6.68 DO
2012-01-27 Fri 6.22 )=
2012-01-30 Maon 5. 80O ]
2012-01-31 Tues 6.7 UP
2012-02-01 wed 7.23 DOWMN
2012-02-02 Thurs 6.7 DO
2012-02-03 Fri 6.21 ()=
2012-02-086 Maon 5.7 ()=
2012-02-07 Tues 6.17 )=
2012-02-08 wed 6. 82 )=
2012-02-09 Thurs 8.32 ]
2012-02-10 Fri 10.18 UP
2012-02-13 Mon 11.88 up
2012-02-14 Tues 12,86 ()=
2012-02-15 wWed 14.07 DO
2012-02-186 Thurs 10.432 ()=
2012-02-17 Fri 9. 57 DO
2012-02-21 Tues 9. 09 P




weekDays EMA AAPL.Close

sun 0 Min. -17. 3900 DOWN : 257

Marn a5 1st Qu.: -4.3900 up 245

Tues :102 Median 1. 3000

wed 102 Mean 0.7233

Thurs:101 Ird Qu.: 5.5500

Fri :102 Max. : 15,0600

Sat 0 NA"sS 10

weekDays EMA AAPL.Close

2012-01-18 wed 2.71 ()=
2012-01-19 Thurs 3.22 DM
2012-01-20 Fri 2.90 DM
2012-01-23 Man 1.82 ()=
2012-01-24 Tues 1.449 DM
2012-01-25 wed 5.67 DM
2012-01-26 Thurs 6. 68 DO
2012-01-27 Fri 0.22 P
2012-01-30 Man 5. 80 ()=
2012-01-31 Tues 6.71 ()=
2012-02-01 wed 7.23 DM
2012-02-02 Thurs a.70 DO
2012-02-03 Fri 0.21 ()=
2012-02-086 Man 5.73 )=
2012-02-07 Tues 6.17 ]
2012-02-08 wed 6.82 P
2012-02-09 Thurs 8,32 ()=
2012-02-10 Fri 10.18 ()=
2012-02-13 Mon 11, 88 ()=
2012-02-14 Tues 12,86 ()=
2012-02-15 wed 14.07 DM
2012-02-186 Thurs 10.43 )=
2012-02-17 Fri 9,57 DO
2012-02-21 Tues 9,09 P
2012-02-22 wed Q.22 DO
2012-02-23 Thurs 9.04 ()=
2012-02-24 Fri 9.08 ()=
2012-02-27 Man 8. 81 ()=
2012-02-28 Tues 9.13 ()=
2012-02-29 wed 10,81 )=
2012-03-01 Thurs 12.08 DO
2012-03-02 Fri 11.44 P
2012-03-05 Mon 10,58 DO
2012-03-08 Tues 6.17 ()=




weekDays EMA AAFL. Close
sun @ 0 M. :-17.390 DOWN:253
Mon  : 94 1st Qu.: -4.395 up 239
Tues : 99 Median 1.285

wWed :100 Mean : 0.720

Thurs: 99 Ird qQu.: 5.553

Fri :100 Max. : 15.0860

sat : 0
[1] 492 3
[1] 328 3

weekDays EMA AAPL.Close
sun @ 0 M. :-17.3900 DOWN:171
Mon 62 1st Qu.: -5.5075 up 157
Tues :65 Median : O.7800
Wed :68 Mean 0.1318
Thurs:&7 3rd Qu.: 5.8125

Fri :66 Max. : 15,0600

sat : 0O
[1] 164 3

weekDays EMA, AAPL.Close
sun @ 0 M1ir. :-10.470 DOWN: B2
Mon 132 1st qQu.: -0.535 up 82
Tues :34 Median : 1.630

wed :32 Mean : 1.896

Thurs:32 Ird Qu.: 4,418

Fri :34 Max. ;11,940

sat 0O




Naive Bayes Classifier for Discrete Predictors

call:
naiveBayes.default(x = trainingbataset[, 1:2], ¥ = trainingbataset[,
3D

A-priori probabilities:

trainingbataset[, 3]
DOWN up

0.5213415 0.4786585

Conditional probabilities:
weekDays
trainingbataset[, 3] sun Mon Tues Wed Thurs Fri sat
DOWN O.0000000 0.1169591 0.1871345 0.2514620 0.2514620 0.1929825 0.0000000
up 0.0000000 0.2675159 0.2101911 0.1592357 0.1528662 0.2101911 0.0000000

EMA
trainingpataset[, 3] [,1] [,2]
DOWN -0.2464912 6.938301
up 0.5437580 7.209192

Actual
Predicted DOWN UP
DO M 46 49

up 36 33
X Date open High Low Close Volume
11 1/2/12 6:00 1.55051 1.55411 1.54845 1.55170 4803
2 21/2/12 10:00 1.55170 1.55230 1.54746 1.54797 2263
33 1/2/12 14:00 1.54797 1.55147 1.54668 1.55036 2375
44 1/2/12 18:00 1.55036 1.55155 1.54810 1.55095 1767
55 1/2/12 22:00 1.55095 1.55342 1.54967 1.55272 4271
6 6 1/3/12 2:00 1.55272 1.55547 1.55200 1.55457 4383
X Date open High Low Close volume
Min. : 1 1/10/12 10:00: 1 Min. :1.459 Min. :1.463 Min. :1.456 Min. :1.459 Min. : 2
1st Qu.:1315 1/10/12 14:00: 1 1st qQu.:1.550 1st qQu.:1.552 1st Qu.:1.548 1st qQu.:1.550 1st Qu.: 7106
Median :2629 1/10/12 18:00: 1 Median :1.588 Median :1.590 Median :1.586 Median :1.588 Median : 14113
Mean 12629 1/10/12 2:00 : 1 Mean :1.590 Mean :1.592 Mean :1.588 Mean :1.590 Mean : 17938
3rd Qu.:3943 1/10/12 22:00: 1 3rd Qu. :1.626 3rd Qu.:1.627 3rd Qu. :1.624 3rd Qu.:1.626 3rd Qu.: 23321
Max. 15257 1/10/12 6:00 : 1 Max :1.717 Max. :1.719 Max. :1.716 Max. :1.717 Max. :155384
(other) 15251




[1] 5257 7

High Low Close
1 1.55411 1.54845 1.55170
2 1.55230 1.54746 1.54797
3 1.55147 1.54668 1.55036
4 1.55155 1.54810 1.55095
5 1.55342 1.54967 1.55272
6 1.555%47 1.55200 1.55457

High Low Close
M. :1.463 M. :1.456 M. :1.459
1st Qu. :1.552 1st Qu. :1. 548 1st Qu. :1.550
Median :1.590 Median :1.586 Median :1.588
Mean :1.592 Mean ;1. 588 Mean :1.590
Ird qu.:1.627 Ird qu.:1.624 Ird qu.:1.626
Max. 1.719 Max. 1,716 Max. 1,717
"data. frame': 5257 obs. of variables:

§ High
T Low
% Close:

e

num 1.5%5 1.55% 1.55
num 1.5%5 1.55% 1.55
num 1.5%5 1.55% 1.55

W

.55 1.55 ...
.55 1.55 ...
.55 1.55 ...

HighLowClosets

3 variables

5257 oObservations

High
n missing unigque info Mean .05 .10 .25 .50 .75 .90 .95
5257 0 4581 1 1.592 1.504 1,518 1.552 1.590 1.627 1.676 1.689
lowest : 1.463 1.463 1.464 1.465 1.465, highest: 1.717 1.717 1.718 1.718 1.719
Low
n missing unique Info Mean .05 .10 .25 .50 .75 .90 .95
5257 0 4590 1 1.588 1.501 1.513 1.548 1.586 1.624 1.673 1.686
JowesT : 1.456 1.458 1.459 1.460 1.460, highest: 1.715 1.715 1.715 1.716 1.716
Close
n missing unique Info Mean .05 .10 .25 .50 .75 . a0 .95
5257 0 4610 1 1.59 1.502 1.516 1.550 1.588 1.626 1.674 1.687
Jowest : 1.459 1.460 1.461 1.462 1.462, highest: 1.716 1.716 1.717 1.717 1.717




EollingerBands

4 wvariables

5257 oObservations

d
) n missing unique Info Mean .05 .10 .25 .50 .75 .90 .95
5238 19 5238 1 1.582 1.489 1.5086 1.541 1.581 1.618 669 1.681
Towest : 1.451 1.451 1.452 1,452 1.453, highest: 1.713 1.713 1.713 1.713 1.713
mavg
n missing unique Info Mean .05 .10 .25 .50 .75 .90 .95
5238 19 5235 1 1.591 1.504 1.515 1.551 1.588 1.624 .675 1.687
Jowest : 1.467 1.467 1.467 1.467 1.467, highest: 1.715 1.715 1.715 1.715 1.715
up
n missing unique Info Mean .05 .10 .25 .50 .75 .90 .95
5238 19 5238 1 1.599 1.516 1.525 1.559 1.597 1.633 681  1.692
Towest : 1.476 1.477 1.477 1.477 1.478, highest: 1.720 1.721 1.721 1.721 1.721
pcte
n missing unique info Mean .05 .10 .25 .50 .75 .90 .95
5238 19 5238 1 0.5018 -0.03586 0.04628 0.21201 0.503B0 0.7B954 0.94882 1.03015
lowest : -0.3462 -0.3427 -0.3341 -0.3166 -0.2988, highest: 1.3657 1.3718 1.3738 1.3972 1.4310
Index up
M. :2012-01-02 06:00:00 Mir. -0.012491
1st Qu. :2012-11-02 05:00:00 1st qQu.: 0.002766
Median :2013-09-03 01:00:00 Median 0.006554
Mearn :2013-09-01 03:57:22 Mearn : 0.008594
3rd qQu. :2014-06-30 17:00:00 Ird qQu.: 0.012562
Max. :2015-04-26 21:00:00 Max. 0.051020
NA'S 119
Index dn
Min. :2012-01-02 06:00:00 Min. -0.042220
1st Qu. :2012-11-02 05:00:00 1st Qu. :-0.012141
Median :2013-09-03 01:00:00 Median :-0.006606
Mean :2013-09-01 03:57:22 Mean :-0.008372
Ird qQu. :2014-06-30 17:00:00 Ird qQu. :-0.002868
Max. :2015-04-26 21:00:00 Max. 0. 008861
NA'S ;19
Index mavg
Min. :2012-01-02 06:00:00 Min. :-0.026222
1st Qu. :2012-11-02 05:00:00 1st Qu. :-0.004377
Median :2013-09-03 01:00:00 Median :-0.000038
Mean :2013-09-01 03:57:22 Mean . 0.000111
3rd qQu. :2014-06-30 17:00:00 3rd Qu.: 0.004425
Max. :2015-04-26 21:00:00 Max. : 0.025714
NA'S 119




percentagechngpcte

1 variables

5257

Observations

pelt.1.arithmetic

n missing wunique info Mean .05 .10 .25 .50 .75 .90 .95
5237 20 5237 1 -2.016 -1.07295 -0.54484 -0.14324 -0.01858 0.16710 0.57484 1.13343
Towest : -8426.29 -2130.42 -83.18 -75.28 -74.12, highest: 36.73 37.56 57.70 58.12 74,48
Percentagechngup
1 variables 5257 oObservations
Delt.1l.arithmetic
n missing unique Info Mean .05 .10 .25 .50 .75 .90 .95
5237 20 5237 1 0.03257 -1.37131 -0.69452 -0.22012 -0.02814 0.19289 0.74148 1.50053
lowest : -1363.07 -861.89 -98.12 -48.49 -38.79, highest: 46.20 52.43 66.20 107.11 22320.24
PercentageChnglLow
1 variables 5257 Observations
pelt.l.arithmetic
n missing unique Info Mean .05 .10 .25 .50 .75 .90 .95
5237 20 5237 1 0.3371 -1.47272 -0.74089 -0.23429 -0.02817 0.17183 0.70740 1.43229
lowest : -278.00 -26B8.28 -217.24 -82.49 -71.47, highest: 105.26 251.08 507.36 £68.97 1003.04
percentageChngMid
1 wvariables 5257 oObservations
pelt.l.arithmetic
n missing unique info Mean .05 .10 .25 .50 .75 .90 .95
5237 20 5237 1 -0.3783 -2.20895 -1.06928 -0.35203 -0.08207 0.19687 0.92735 2.15286
lowest : -959.5 -847.8 -737.4 -366.2 -227.7, highest: 152.7 241.3 312.5 377.0 591.9
Index pelt.l.arithmetic
Min. 12012-01-02 06:00:00 Down: 2618
1st Qu. :2012-11-02 05:00:00 Up 2638
Median :2013-09-03 01:00:00 NA's: 1
Mean :2013-09-01 03:57:22
3rd Qu.:2014-06-30 17:00:00
Max. :2015-04-26 21:00:00




up mavg pctB pelt.1l.arithmetic pelt.l.arithmetic.1 pDelt.l.arithmetic.2
Min. :-0.012491 . 042220 Min. :-0.026222 Mmin., :-0.3462 Min. :-8426.2093 min. :-1363.0732 min., :-278.0016
1st Qu.: 0.002766 . 012141 1st Qu. . 004377 1st Qu.: 0.2120 1st Qu.: -0.143 1st qu.: -0.2301 1st Qu.: -0.2343
Median : 0.006554 .006606 Median :-0.000038 Median : 0.5038 Median : -0.019 Median : -0.0281 Median : -0.0282
Mean : 0.008594 . 008372 Mean : 0.000111  mMean : 0.5018 Mean : -2.016 Mean H 0.0326 Mean : 0.3371
3rd Qu.: 0.012562 . 002868 3rd Qu.: 0.004425 3rd Qu.: 0.7895 3rd qQu.: 0.167 3rd qu.: 0.1929 3rd Qu.: 0.1718
Max. : 0.051020 . 008861 Max. : 0.025714 Max. 1.4310 Max. H 74.480 Max. 1 2230.2382 Max. :1003.0420
NA'S 119 NA'sS 119 NA'S 119 NA'S 120 NA'S 120 NA'S 120
Delt.l.arithmetic.3
Min. :-959.4667
1st Qu.: -0.3520
median : -0.0821
Mean 1 -0.3783
3rd Qu. : 0.1969
Max. ©591.9231
NA'S 120

up dn pctB pelt.1.arithmetic pelt.l.arithmetic.1 pelt.l.arithmetic.2
Min. :-0.012491 min. :-0.042220 min. :-0.3462 min. :-8426.293 Min. :-1363.0732 i 278.0016
1st Qu.: 0.002766 1st Qu.:-0.012137 1st Qu.: 0.2119 1st Qu.: -0.142 1st Qu.: -0.2301 -0.2342
Median : 0.006555 Median :-0.006606 Median : 0.5036 Median : -0.019 Median : -0.0282 -0.0282
Mean : 0.008595 Mean -0.008369 Mean : 0.000113 Mean © 0.5017 Mean : -2.017 Mean : 0.0324 0.3372
3rd Qu.: 0.012564 3rd Qu. :-0.002868 3rd Qu.: 0.004426 3rd Qu.: 0.7895 3rd qu.: 0.167 3rd qQu.: 0.1922 0.1718
Max. : 0.051020 Max. : 0.008861 Max. : 0.025714 Max. :1.4310 Max. H T74.480 Max. : 2230.2382 003.0420
NA'S 119 NA'S :19 NA's 119 NA'S 119 NA'S 120 NA'S 120 20
pelt.l.arithmetic.3 pelt.1.arithmeric.4
Min. :-959.4667  Down:2618
1st Qu.: -0.3520 Up :2638
median : -0.0821
Mean : -0.3784
Ird Qu.: 0.1969
Max. © 591.9231
NA'S 120

"data.frame’: 5236 obs. of 9 wariables:

$ pcte : num  0.0198 0.0198 0.0191 0.0212 0.0197 ...

$ LowDiff : num  -0.00265 -0.00264 -0.00333 -0.0016 -0.00366 ...

$ upDiff : num 0,00855 0.00859 0.00787 0.00981 0.00801 ...

$ midpiff :num 0,096 0.111 0.136 0.103 0.163 ...

$ PercentageChngpcté : num -0.564 0.159 0.221 -0.243 0.581 ...

% PercentageChngup ponum 0,02176 0.00271 -0.0378 0.11363 -0.07314 ...

$ PercentageChngLow © num  0.1391 -0.00506 0.26256 -0.51833 1.2865 ...

% PercentageChngMid : num  0.00572 0.00392 -0.08388 0.24726 -0.18416 ...

% binaryClassification: Factor w/ 2 levels "Down","up": 1 212112122 ...
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Random Forest: Measurement of Importance of Each Feature
PercentageChngpctB . PercentageChngpctB .
PercentageChngLow . PercentageChngLow
LowDiff * PercentageChngUp
PercentageChngUp * PercentageChngMid
UpDiff . LowDiff
PercentageChngMid . UpDiff
pciB pciB
MidDiff MidDiff
T T T T T T T T T T T T T
-8 6 -4 2 0 0 50 100 150 200 250 300 350

MeanDecreaseAccuracy MeanDecreaseGini




x Date open High Low Close volume
11 1/2/12 6:00 1.55051 1.55411 1.54845 1.55170 4803
2 21/2/12 10:00 1.55170 1.55230 1.54746 1. 54797 2263
33 1/2/12 14:00 1.54797 1.55147 1.54668 1.55036 2375
4 4 1/2/12 18:00 1.55036 1.55155% 1.54810 1.55095 1767
5 5 1,/2/12 22:00 1.55095 1.55342 1.54967 1.55272 4271
66 1/3/12 2:00 1.55%272 1.55547 1.55200 1. 55457 4383
"data.frame’: 5257 obs. of 7 variables:
§ X :dint 1234567 80910...
$ pate : Factor w/ 5257 levels "1/10/12 10:00",..: 171 167 168 169 170 369 371 366 367 368 ..
$ open : num 1.55 1.55 1.55 1.55 1.55 ...
$ High : num 1.55 1.55 1.55 1.55 1.55 ...
$ Low :num 1.55 1.55 1.55 1.55 1.55 ...
$ Close : num 1.55 1.55 1.55 1.55 1.55 ...
$ volume: int 4803 2263 2375 1767 4271 4383 15101 22655 23244 10215 ...
Min. 1st Qu. Median Mean 3rd Qu. Max. NA"S
0.2408 29,2700 51.6300 50.5800 72.0000 99,7900 3
Min. 1st Qu. Median Mean 3rd qu. Max. NA"S
1.477 1.551 1.590 1.591 1.626 1.714 49
seriesMeanavg50
n missing unigque Info Mean .05 .10 .25 .50 .73 .90 .95
5208 49 5204 1 1.591 1.505 1.516 1.551 1.590 1.626 1.676 1.688
lowest : 1.477 1.477 1.477 1.477 1.477, highest: 1.714 1.714 1.714 1.714 1.714
Min., 1st Qu. Median Mean 3rd Qu. Max. NA"S
-0.03636 -0.00725 0.00031 -0.00021 O0.00745 0.03877 49
Min. 1st qQu. Median Mean Ird qQu. Max.

-1.844e-02 -1.220e-03

2.000e-03 -6.

253e-06 1.200e-03 2,699%e-02




Length Class

Mode
5257 character character

relativestrengthIndex3 Trend binaryclassification
Min. : 0.8199 Min. :-0.03636 DOWN: 2618

1st Qu. :28.85%42 1st Qu. :-0.00725 Up  :2639

Median :50. 6667 Median : 0.00031

Mean :50. 3598 Mean :-0.00021

Ird qQu. :72.0845 Ird qu.: 0.00745

Max. :99,5032 Max. : 0.03877

NA's 13 NA'S 149

‘data.frame’ : 5257 obs. of 3 variables:

$ relativestrengthIndex3: num NA NA NA 49 54.5 ...

$ Trend Donum o NA NA NA NA NA NA NA NA NA NA ...
$ binaryClassification : Factor w/ 2 levels "DOWN","UP": 21 2222 2221...

[1] 5208 3

[1] 4528 3

relativestrengthIndex3
Min. : 0.6199
1st Qu. :29.1705

Median :50. 8829
Mean 50,7597
Ird qQu. :72. 5465
Max. :99.5032

Trend
Min. :-0.
1st qQu. :-0.
Median @ O
Mean :
Ird qu. :
Max.

0363598
0071439

. 0006596
0.00012432
0.

0.0387742

0077117

binaryClassification
DOWN: 2247
up 2281

[1] 1510 3




relativestrengthIndex3

Trend

binaryClassification

Mir. 1 0.966 Min. :-0.0363 DOWN: 347
1st Qu. :26. 358 15t Qu. :-0.0082 up  :-333
Median :49.089 Median :-0.0014 NA's5:830
Mean 148,071 Mean :-0.0025

Ird qQu. :69. 500 Ird Qu.: 0.0059

Max. 196.014 Max. : 0.0240

NA"S 1830 NA" S 1830

call:

svm(formula = binaryClassification ~ relativestrengthIndex3 + Trend, data

cost =1, gamma = 1/2)

Parameters:
SVWM-Type: C-classification
swvM-kernel: radial
cost: 1
gamma: 0.5

Number of Support vectors:

( 2202 2199 )

Number of Classes: 2

Levels:
DOWN UP

4401

TrainingDataset, kernel

"radial”,

DOWM UP
2205 2323

TrainingPredictions
unique
2

n missing
4528 0

DOWN (2205, 49%), Up (2323, 51%)

relativestrengthIndex3

Min. : 0.6199
1st Qu. :29.1705
Median :50. 8829
Mean 1 50.7597
Ird Qu. :72. 5465
Max. :99.5032

Trend
Min. =0,
1st Qu. :-0.
Median : 0.
Mean 0
Ird qu.: 0.
Max. 0

0363598
0071439
0006596
. 0001243
0077117
. 0387742

hinaryClassification TrainingPredictions
DOWN:2205

DOWN: 2247
up 12281

ur

12323




SVM Relative Strength Index & Trend Predictions

% Training Predictions
5. DowN
H —w
&
: Open - Series Mean -
‘data.frame’: 32561 obs. of 15 variables:
§ vl : Factor w/ 73 levels "17,","18,","19,",..: 23 34 22 37 12 21 33 36 15 26 ...
5 w2 Factor w/ @ levels "7,","Federal-gov,",..: 8 7 555557 55 ...
$ v3 : Factor w/ 21648 levels "100009,","100029,",..: 20430 20692 10269 11554 16171 14136 4680 9797 18599 4604 ...
$ v4 : Factor w/ 16 levels "10th,","11th,",..: 10 10 12 2 10 13 7 12 13 10 ...
$ V5 : Factor w/ 18 levels "1,","10,","11,", 551614 56 12166 5 ...
$ v6 : Factor w/ 7 levels "Divorced,"”,"Married-aF-spouse,”,..: 531 3 3 34353 ...
§ v7 : Factor w/ 15 levels "?,","adm-clerical,”,..: 2 57 711 59 511 5 ...
$ v8 : Factor w/ 6 levels "Husband,","Not-in-family,",..: 2121662121
$ v9 : Factor w/ 5 levels "amer-Indian-Eskimo,”,..: 5 53353555
§ v10: Factor w/ 2 levels "Female,”,"mMale,”: 2 22 2111212...
§ vl1: Factor w/ 119 Tlevels "0,","10520,",..: 34 1111111 13 85 ...
§ vl2: Factor w/ 92 levels "0,","1092,","1138,",..: 11 11111111...
$ v13: Factor w/ 94 levels "1,","10,","11,",..: 35 5 35 35 35 35 8 40 46 35 ...
% V14: Factor w/ 42 levels "7,","Cambodia,”,..: 40 40 40 40 & 40 24 40 40 40 ...
§ v15: Factor w/ 2 levels "«=50K","=50k": 11 11111222...
vl v2 v3 V4 V5 v V7 VB v v1i0
1 39, state-gov, 77516, Bachelors, 13, Never-married, Adm-clerical, not-in-family, white, Male,
2 50, self-emp-not-inc, 83311, Bachelors, 13, Married-civ-spouse, Exec-managerial, Husband, white, Male,
3 38, Private, 215646, Hs-grad, @9, Divorced, Handlers-cleaners, Mot-in-family, white, Male,
4 53, Private, 234721, 11th, 7, Married-civ-spouse, Handlers-cleaners, Hushand, Black, Male,
5 28, Private, 338409, Bachelors, 13, Married-civ-spouse, prof-specialty, wife, Black, Female,
6 37, Private, 284582, Masters, 14, Married-civ-spouse, Exec-managerial, wife, white, Female,
vil vi2 vi3 vig
1 2174, 0, 40, united-states,
2 0, 0, 13, uUnited-States,
3 0, 0, 40, united-States,
4 0, 0, 40, united-states,
5 0, 0, 40, Cuba,
[ 0, 0, 40, united-states,




vl V3 V5 V1l viz V13
[1,] 0.03067009 -1.0635944 1.1347213 0.1484506 -0.2166562 -0.0354289
[2,] 0.83709613 -1.0086915 1.1347213 -0.1459182 -0.2166562 -2.2221190
[3,] -0.04264137 0.2450747 -0.4200532 -0.1459182 -0.2166562 -0.0354289
[4,] 1.05703050 0.4257948 -1.1974404 -0.1459182 -0.2166562 -0.0354289
[5,] -0.77575595 1.4081541 1.1347213 -0.1459182 -0.2166562 -0.0354289
[6,] -0.11595283 0.8981871 1.5234150 -0.1459182 -0.2166562 -0.0354289

[1] 26049 1

num [1:4] 0.001 0.01 0.1 1

Accuracy on Randomized Epoch Validation Set

04 0.8 08 1.0

02

0.0

Accuracy as a Function of Step and Lambda

B lambda=001
B lambda=01
B lambda=_1
B lambda=1

5000

Step

10000

15000




w:=w—aVvVQ;(w)




Chapter 7: Unsupervised Learning
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Chapter 8: Reinforcement Learning

DATE LEY LBV INT LRC LWVS LGS

1 199703 11.49 6.74 10.73 13.35 4.95 4.90

2 199704 11.51 12.97 11.09 13.33 4.63 4.43

3 199801 11.44 13.41 12.45 13.30 4,36 3.99

4 199802 11.42 4.26 13.51 13.31 4.535 4,20

5 199803 11.39 33.71 12.55 13.28 4.05 3.83

6 199804 11.39 3.54 10.00 13.31 3.90 3. 36

[1] 86 7
DATE LRY LRV INT LRC LVS
199793 : 1 min. :11.3%9 min. 0.1100 Min. 4.520 Min. :13.22 Min. :3.900
199704 @ 1 1st Qu.:11.57 1st Qu.: 0.3125 1st Qu.: 5.015 1st Qu.:13.31 1st Qu. :4.705
199801 : 1 Median :11.83 Median : 0.6100 Median : 6.215 Median :13.36 Median :4.875
199802 : 1 Mean :11. 80 Mean 1.9211 Mean : 6.619 Mean :13.43 Mean 14, 896
1998032 : 1 3rd Qu. :12.00 3rd Qu.: 1.5275 3rd Qu.: 7.025 3rd Qu.:13.54 3rd Qu.:5.170
199804 : 1 Max. 112,21 Max. $33.7100 Max. :13.510 Max. :13.85 Max. 15,400
({other):60
LGS

Min. 3.360
15t Qu.:3.853
Median :3.935
Mean 13.978
3rd Qu. :4.140
Max. :4.900

LV5S
[1,] 4.95
[2,] 4.63
[3,] 4.386
[4,] 4.55
[5,] 4.05
[6,] 3.90




LGS
[1,] 4.90
[2,] 4.43
[3,] 3.99
[4,] 4.20
[5,] 2.83
[6,] 2.36

call:
Im(formula = yLogvaluestocks ~ x)

Residuals:
Min 10 Medi an Ela] Max
-0.57390 -0.07711 -0.00725 0.07179 0.39578

Coefficients:
Estimate std. Error t wvalue Pr{=|t]|)

(Intercept) -9.151035 1.950114 -4.693 1.57e-05 ##®

XLRY 1.043820 0.200840 5.197 2.48e-06 #®%®

XLRC 0.123601 0.210845 0.586 0.5599

XINT 0.013357 0. 020907 0.639 0.5253

XLRWV -0.012112 0.005686 -2.130 0.0372 =

signif. codes: 0 f#®%° 0,001 “**' Q.01 “*° 0.05 *." 0.1 ¢ " 1

Residual standard error: 0.1431 on 61 degrees of freedom
Multiple R-squared: 0.8042, Adjusted R-squared: 0.7914
F-statistic: 62.64 on 4 and 61 DF, p-value: < 2.2e-16




call:
Im{formula = yLogGrowthstocks ~ x)

Residuals:
Min 19 Median 30 Max
-0.62267 -0.11945 0.01245 0.07490 0.78002

Coefficients:
Estimate std. Error T value Pr=|t|)

(Intercept) -7.711885 2.663863 -2.895 0.005325 #*

XLRY 0.B827857 0.274348 3.018 0.00371 ==

XLRC 0.0896E0 0.288015 0.311 0.75658

XINT 0.110447 0.02E8559 3.867 0.00027 ww=

XLRV -0.009277 0.007767 -1.194 0.23691

signif. codes: 0 °“#*%#' Q0,001 **=' 0.01 **° 0.05 “.” 0.1 * " 1

Residual standard error: 0.1954 on 61 degrees of freedom
Multiple R-squared: 0.2924, Adjusted R-squared: 0.2486
F-statistic: 6.303 on 4 and 61 DF, p-value: 0.0002596




Markov switching Model

Call: msmFit{object = olsLogvaluestocks, k = 2, sw = rep(
ATC BIC TGgLﬁk
-102.0478 -38.25474 61.02392
Coefficients:
Regime 1
Estimate Std. Error t value Pr{=|t|)
(Intercept)(5) -10.7330 0.5460 -19.6575 < 2.28-16 #¥=
¥LRY{5) 1.6984 0.0303 56.0528 < 2.2e-1f6 ¥*¥%%
¥LRC{5) -0. 3478 0.0414 -§.4010 = 2.2e-16 *¥%%
XINT{S) 0.0411 0.0020 20.5500 = 2.2e-16 *¥%%
¥LRV{S) -0.0139 0.0015 -9.2667 < 2.2e-16 *%*
Signif. codes: 0O f##%' 0,001 “**' 0.01 **' 0.05 *."' 0.1
residual standard error: 0.03610862
Multiple R-squared: 0.9893
standardized residuals:
Min al Med Q3

-8.340128e-02 -1.065220e-02

-3.68260%9e-16 1.117322e-02

Regime 2
Estimate std. Error t value Pri=|t|)

(Intercept)(5) 13.6B36 2.1896 6.2494 4,120e-10 =*%%
XLRY{S) 0.7522 0.1799 4.1812 2.900e-05 =*%%
XLRC{S) -1.2801 0.1608 -7.9608 1.776e-15 #*%¥
XINT(S) -0.1005 0.0388 -2.5902 0.009592 =~
XLRV(S) 0.0487 0.0201 2.4229 0.015397 =
Signif. codes: O “#*#*' 0,001 “#**' Q.01 **' 0.05 '.' 0.1

TRUE, 6))

1

Max
7.650599e-02

1




Residual standard error: 0.1515668
Multiple R-squared: 0.5145

standardized Residuals:
Min Ql Med Q3
-0.48074613 -0.02481690 0.00113687 0.02751167

Transition probabilities:
Regime 1 Regime 2

Regime 1 0.8255604 0.1692358

Regime 2 0.1744396 0.8307642

Max
0.46264470




Markov switching Model
call: msmFit(object = olsLogerowthstocks, k = 2, sw = rep(TRUE, &))

AIC BIC logLik
-65.43317 -1.640072 42.71658

Coefficients:
Regime 1

Estimate std. Error t value Pr(=|t|)

(Intercept)(s) 14.9726 4,1217  3.6326 0.0002806 #==*
XLRY(5) 1.4894 0.3053 4,.8785 1.069e-06 =%¥
XLRC(5) -2.1932 0.2741 -8.0015 1.332e-15 #¥¥
XINT(5) 0.1022 0.0651 1.5699 0.1104384

XLRV({S) 0.0466 0.0309 1.5081 0.1315289

Signif. codes: 0 *#%%' Q_001 ***' 0.01 °**" 0.05 *." 0.1 ° ° 1

rResidual standard error: 0.2376528
Multiple R-squared: 0.4281

standardized Residuals:
Min Q1 Med Q3 Max
-0.573535743 -0.021589934 0.004829526 0.018767748 0.681347620

Regime 2

Estimate std. Error T wvalue PpPri=|t|)

{(Intercept)(5) -B8.5099 0.8361 -10.1781 < 2.2e-1p #=*
XLRY(5) 0.5287 0.0940 5.6245 1. 860e-08 #=w
XLRC(5) 0.4282 0.0871 4,.9162 B.B824e-07 ==
XINT(5) 0.0718 0.0100 7.1800 6.972e-13 w##&*
XLRV(S) -0.0081 0.0029 -2.7931 0.005221 =#*

Signif. codes: 0 “#%%° 0.001 ***' Q.01 **' 0.03 .’ 0.1 ° " 1




Residual standard error: 0.0676098
Multiple R-sgquared: 0.803

standardized Residuals:
Min a1l Med Q3 Max
-1.356430e-01 -2.402493e-02 6.076829e-06 3.124204e-02 1.493800e-01

Transition probabilities:
Regime 1  Regime 2

Regime 1 0.B8809933 0.08517424

Regime 2 0.1190067 0.91482576

Smoothed Probabilities
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path conv comv_null

1 ¢l = c2 = C3 1 0

2
3

cl 0 1
c2 = C3 0 1




fresult

channel_name total_conversions
0.2001447
0.3999276
0.3999276

1 cl
2 c2
3 c3

ftransition_matrix

channel_from  channel_to transition_probability

1 {start) cl 0. 6666667
2 {start) c2 0.3333333
3 cl c2 0. 5000000
4 cl (null) 0. 5000000
5 c2 c3 1. 0000000
5] c3 (conversion) 0. 5000000
i c3 (null) 0. 5000000
fremoval_effects
channel_name removal_effects
1 cl 0.5004524
2 c2 1. 0000000
3 c3 1. 0000000
channel_from (conversion) (null) cl c2 c3
1 {start) WA WNa O.6666667 0.3333333 NA
2 cl WA 0.5 WNa 0. 5000000 NA
3 cZ NA NA NA W& 1
4 c3 0.5 0.5 A NA NA

channel_from  channel_to transition_probability

(start)
(start)
cl
cl
c2

e = T B W N I e

c3

cl
c2
c2
{null)
c3

c3 (conversion)

(null)

Lo T Y v T e s e

. 6666667
. 3333333
. 3000000
. 5000000
. 0000000
. 5000000
. 5000000




channel_from channel_to transition_probability

1 (start) (start)
2 (conversion) {(conversion)
3 (null) (null)

0
1
1

channel_from  channel_to transition_probability

1 {start) cl 0. 6666667
2 {(start) c2 0.3333333
3 cl c2 0, 3000000
4 cl {null) 0. 5000000
5 c2 c3 1. 00Co000
5 c3 (conversion) 0. 5000000
7 c3 (null) 0. 5000000
8 {(start) (start) 0. 0000000
9 (conversion) {conversion) 1. 0000000
10 (null) {null) 1. 0000000
[1] (start) {start) cl cl c2 c3 c3 {start) ({conversion)

[10] Cnul1)

Levels: {start) (conversion) (null) cl c2 c3

[1] <1 c2 c2 (nul1) c3 (conversion) (null) (start)
[9] (conversion) (null)
Levels: (start) (conversion) (null) cl c2 c3
channel_from (start) (conversion) (null) cl c2 c3
1 (start) 0 WA NA 0. 8666667 0.3333333 NA
2 (conversion) MNA 1.0 NA WA NA NA
3 (null) NA NA 1.0 NA NA NA
4 cl MA WA 0.5 WA 0. 5000000 NA
5 c2 MNA NA MNA NA NA 1
3] c3 MNA 0.5 0.5 NA NA MNA
{(start) (conversion) {(null) cl c2 c3
{(start) 0 MA WNa O.6666667 0.3333333 Na
{conversion) NA 1.0 NA NA NA NA
(null) NA NA 1.0 NA NA MA
cl NA NA 0.5 WA 0. 5000000 NAa
c2 MA MA MA MA WA 1
c3 MA 0.5 0.5 MA MA NA




unnamed Markov chain

A 6 - dimensional discrete Markov Chain defined by the following states:
(start), (conversion), (null), c1, c2, c3

The transition matrix (by rows) 1s defined as follows:

{(start) {conversion) (null) cl c2 c3
{start) 0 0.0 0.0 0.a666667 0.3333333 O
{conversion) 0 1.0 0.0 0.0000000 0.0000000 O
(null) 0 0.0 1.0 0.0000000 O.0000000 O
cl 0 0.0 0.5 0.0000000 O.5000000 O
c2 0 0.0 0.0 0.0000000 O.0000000 1
c3 0 0.5 0.5 0.0000000 0.0000000 O




Markov Graph Transition Matrix - transitionmatrix1
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client_id
411
76l
509
541
156
934

date channel
2016-01-05
2016-01-31
2016-01-09
2016-02-02
2016-01-04
2016-01-26

Ca S 2 Sh Shown




client_id date channel
1 411 2016-01-05% channel_5
2 761 2016-01-31 channel_&
3 509 2016-01-09 channel_6
4 541 2016-02-02 channe]1_8
3 156 2016-01-04 channel_9
3] 934 2016-01-26 channel_8
# A tibble: 990 x 4
client_id
<int>
1 1
2 2
3 3
4 4
5 5
(5] 6
8 8
9 a
10 10
# . with 980 more rows, and 3 more variables: path =chr>, conv =<dbl>, conv_null =<dbl>

# A tibble: 990 x 6
client_id
<int>
1

2
3
4
5
6
7
8
9

1
2
3
4
5
6
7
8
9
10 10
#

. with 980 more rows, and 2 more variables:

channel_4
channel_7 > channel_9 > channel_9

channel_6
channel_4 > channel_5 > channel_5s

> channel_9
> channel_8

channel_4

> channel_5
> channel_3

>
=

=

=
>

channel_g
channel_8

channel_g

channel
channel
channel

1
6
5

channel_name_ft <chr>,

> channel_6
> channel_9 > channel

channel_1 > channel
> channel_4 > channel
> channel_1
> channel
> channel

> channel_2

5
9
9

> channel_4
6 > channel_7
6 > channel_g

channel_0 > channel_4
channel_name_1t <chr>

> channel_1
> channel_0
> channel_0
> channel_2
> channel_7
> channel_7
> channel_4

channel_4
> channel_1

path conv conv_null

<chr> <dbl> <dbl1>
channel_3 1 0
_ 1 0

_0 1 0

_6 1 0

7 1 0

_6 1 0

_6 1 0

-1 1 0

_8 1 0

-1 1 0

# A tibble:

[t I =+ Wt B R [ S W N

10 = 2

channel_name_ft first_touch_conversions

=chr=>
channel_0
channel_1
channel_2
channel_3
channel_4
channel_5
channel_&
channel_7
channe]_8

channel_9

=dbl1=>
82
159
&0
71
102
75
142
83
50
166




# A tibble: 10 = 2
channel_name_T1t Tast_touch_conversions
=chr= =dbl=
1 channe1_0 g2
2 channel_1 166
3 channel_2 50
4 channel_3 71
5 channel_4 114
5] channel_5 64
7 channel_& 139
8 channel_7 88
g channe1_8& 458
10 channe]_9 160

[t I . Tt = R I S W O ]

channe1_0
channel_1
channel_2
channel_3
channel_4
channel_5
channel_6
channel_7
channe]_8
channe1_9

channel_name_ft first_touch_conversions last_touch_conversions

82 92
159 166
60 50
71 71
102 114
75 64
142 1349
83 88
50 46
166 160

o ooa s~ ghown Bl B

channel_name_ft first_touch_conversions
channel_0
channel_1
channel_2
channel_3
channel_4
channel_5
channel_g6
channel_7
channel_8
channel_9

last_touch_conversions total_conversions

a2 a7.
166 139.
50 57.
71 73.
114 110.
64 B2.
139 126.
88 98.
46 65.
160 137.

59677
07908
98764
53247
94456
25067
11034
86641
69749
93456

[1] 0.2391931




Heatmap - Transition Matrix
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[1] "Dpowntown East" "wWest"

DownTown EastT wWestT

Downt own 0.3 0.3 0.4
East 0.4 0.4 0.2
West 0.5 0.3 0.2

Rental Cars
A 3 - dimensional discrete Markov Chain defined by the following states:
Downtown, East, West
The transition matrix (by rows) 1is defined as follows:
Dowrntown East wWest

DOWNT oW 0.3 0.3 0.4
East 0.4 0.4 0.2
West 0.5 0.3 0.2




DownTown East wWestT

0.4 0.4 0.2

02
02
03
04
014
03 0ls
04




[1] 0.2

[1] 0.41

rRental Carsa2
A 3 - dimensional discrete Markov Chain defined by the following states:
Downtown, East, West
The transition matrix (by rows) 1is defined as follows:
Downtown East West

Downt own 0.41 0.33 0.26
East 0.38 0.34 0.28
West 0.37 0.33 0.30

rRental CarsAz0

A& 3 - dimensional discrete Markov Chain defined by the following states:
Downtown, East, wWest

The transition matrix (by rows) 1is defined as follows:

DOwWRT OWn EastT wWesT
Downtown 0.3888889 0.3333333 0. 2777778
EAsT 0.3BBEBB9 0.3333333 0.2777778
West 0.3BBBEB9 0.3333333 0.2777778

rRental CarsA30
A 3 - dimensional discrete Markov Chain defined by the following states:
DOWNtown, East, West

The transition matrix (by rows) ds defined as follows:
DOWRT oW East west
Downtown 0. 3888889 0.3333333 0.2777778
East 0. 3BBBEBY9 0.3333333 0.2777778
West 0. 3BBBEBY 0.3333333 0.2777778
DowWNTown EastT West

[1,] 27.22222 23.33333 19.44444




rRental Cars Markov chain that is composed by:
Closed classes:

Downtown East West

Recurrent classes:

{Downtown,East ,West]}

Transient classes:

NOME

The Markov chain is irreducible

The absorbing states are: NOMNE

oWt own EastT WestT
0.3 0.3 0.4
DownT oW EastT wWestT
0.5 0.3 0.2
DowntTown EastT WestT
0.4 0.4 0.2
[1] 0.15

[1] 0.1250000 0.3333333




[.1] [.2] [.3]
[1,] 1 0.1250000 0.0000000
[2,] 1 -0.1500000 0.0375000
[3.] 1 0.3333333 -0.3333333

[1] 0.44720497 0.496859441 0.05590062

[1] 0.5031056

inuse
o
2

Resource usage: pump

1000 2000 3000
time

4000

itemn

2ystem

[1] 0.08333333




[1] 12345

[1]12 345

Hull-white
Ox0:
Ox0:
0x0:
Ox0:
0x0:

mode]
mode]
mode]
model
mode]

(analytic) calibration

106204, market
.106296, market
.106341, market
106443, market
106613, market

[ I e Y e e e

0.
.110800, diff -0.004504
.107000, diff -0.000659
.102100, diff 0.004343
.100000, diff 0.006613

0
0
0
0

114800, diff -0.008596

summary of pricing results for Bermudan Swaption

Pprice (in bp) of Bermudan swaption is 24.92137

5T

ike is

NULL (ATM strike is

0.05 )

Model used is: Hull-white using analytic formulas
Calibrated model parameters are:

a = 0.04641
sigma = 0.005869
$a

[1] 0.04641377

$sigma
[1] 0.005869286

fprice
[1] 24.92137

taATMStrike
[1] 0.05000001

attr{,"class")
[1] "HwaAnalytic"

"Bermudanswaption”




List of 7

§ times : num [1:60] 0.0833 0.1667 0.25 0.3333 0.4167 ...

discounts : num [1:60] 0.997 0.994 0.991 0.988 0.985
forwards @ num [1:60] 0.0365 0.0358 0.0349 0.0342 0.0338

flatquotes: logi FALSE

$
$ ..
§ zerorates : num [1:60] 0.0376 0.037 0.0366 0.0362 0.0358 ...
$
$

par ams :List of 8
.% tradeDate : Date[1:1], format: "2002-02-15"

% settleDate: Date[1:1], format: "2002-02-19"
$ payFixed : Togi TRUE
.5 dt : num 0.0833
.53 strike : num 0.06
$ method : chr "Hwanalytic"
$ interpwhat: chr "zero"

-$ interpHow : chr "spline”

$.£ab1e :'data. frame’: 183 obs. of 2 wvariables:

.. 5 date : Date[1:183], format: "2002-02-19" "2002-03-20" "2002-04-22" "2002-05-22"
..5% zeroRates: num [1:183] 0.0387 0.0376 0.037 0.0366 0.0362

- attr(®, "class")= chr "DiscountCurwe"

[1] 0.08333333 0.16666667 0.25000000 0.33333333 0.41666667 0.50000000 0.58333333 0. 66666667 0.75000000 0.83333333
[Eé?lf?gggéoooo 1.08333333 1.16666667 1.25000000 1.33333333 1.41666667 1.50000000 1.58333333 1.66666667 1.75000000
[ié?gi?;iéésss? 2.00000000 2.08333333 2.16666667 2.25000000 2.33333333 2.41666667 2.50000000 2.58333333 2.66666667
[gijsg?ggggssss 2.91666667 3.00000000 3.08333333 3.16666667 3.25000000 3.33333333 3.41666667 3.50000000 3.58333333
[i§?6§?§2360000 3.83333333 3.91666667 4.00000000 4.08333333 4.16666667 4.25000000 4.33333333 4.41666667 4.50000000
[éé?si?gégéﬁﬁﬁ? 4,75000000 4.83333333 4.91666667 5.00000000
[1] 0.03760349 0.03704203 0.03662016 0.03618554 0.03578508 0.03546280 0.03521342 0.03500431 0.03482148 0.03462910
[Eé?gé?§§i§8130 0.03440817 0.03448436 0.03460322 0.03475813 0.03494245 0.03514953 0.03537275 0.03560546 0.03584102
[gé?gg?6§g§9418 0.03649850 0.03669634 0.03690156 0.03711288 0.03732899 0.03754861 0.03777043 0.03799317 0.03821553
[24?33?32225395 0.03886741 0.03907533 0.03928021 0.03948630 0.03969335 0.03990105 0.04010912 0.04031728 0.04052524
[2%?4gi;i633939 0.04114501 0.04134928 0.04155191 0.04175261 0.04195110 0.04214709 0.04234029 0.04253041 0.04271717
0.04290028
[5§] 0.04307945 0.04325440 0.04342484 0.04359047 0.04375102
[1] 0.9968713 0.9938453 0.9908867 0.9880106 0.9851998 0.9824249 0.9796684 0.9769340 0.9742220 0.9715548 0.9689087
[2%?63?222410? 0.9605668 0.9576681 0.9547133 0.9517034 0.9486415 0.9455327 0.9423840 0.9392047 0.9360059 0.9328006
[25?23?2323986 0.9231594 0.9198874 0.9165845 0.9132529 0.9098950 0.9065138 0.9031126 0.8996949 0.B962647 0.B8928262
[g%?sg?ggigsso 0.8824616 0.8789710 0.8754620 0.87109358 0.8683934 0.8648360 0.8612648 0.8576813 0.8540867 0.B8504826
[25?43?52:251? 0.8306281 0.8360013 0.8323730 0.8287451 0.8251193 0.8214976 0.8178818 0.8142740 0.8106761 0.8070902

0. 8035185




[1] 0.04641377

[1] 0.005869286

[1] 0.9969646 0.9939972 0,9911117 0.9882912 0.9855078 0.9827449 0,9800036 0.9772856 0.9746132 0.9719634 0.9692537
[Eé?sgf;é§6063 0.9607016 0.9577400 0.9547254 0.9516572 0.9485439 0.9453912 0.9422074 0.9390047 0.9357938 0.9325895
[g%?zg?égglslz 0.9228538 0.9195472 0.9162110 0.9128457 0.9094549 0.9060440 0.9026178 0.8991789 0.8957324 0.8922809
[g%§sg?§§§3405 0.8818385 0.8783182 0.8747819 0.8712305 0.8676639 0.8640836 0.8604893 0.8568831 0.8532672 0.8496438
[2é?4g?§i23810 0.8387448 0.8351062 0.8314680 0.8278328 0.8242010 0.8205761 0.8169591 0.8133518 0.8097557 0.8081732
0.8025957

[1] 0.036&8056 0.03612541 0.03571211 0.03533363 0.03503568 0.03481134 0.03462698 0.03446451 0.03428612 0.03412455
[gé?gé?géiilg?Z 0.03422072 0.03436407 0.03454314 0.03474862 0.03497678 0.03521811 0.03546727 0.03571789 0.03596274
[gé?gg}ggé21224 0.03662097 0.03683488 0.03705436 0.03727730 0.03750368 0.03773315 0.03796394 0.03819385 0.03842104
[gA?ggﬁéggEGBEZ 0.03907689 0.03928637 0.03949716 0.03970938 0.03992196 0.04013419 0.04034595 0.04055738 0.04076813
[2%?4g?62128?68 0.04139545 0.04160121 0.04180462 0.04200561 0.04220371 0.04239914 0.04259133 0.04277979 0.04296464

0.04314516
[56] 0.04332135 0.04349296 0.04365987 0.04382170 0.04398085

[,1] [,2]

[1,]
[2,]
[2,]
[4,]
[5,]
(e, ]

0.0001491098
0.0002189103
0.0002704573
0.0002932542
0. 0002000920
0.0002095954

0.0001545721
0.0002310291
0.0002907584
0.0003228398
0.00024001686
0.00032607932




short-rate quantiles
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Monte Carlo vis Market n Zero Rates
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Chapter 9: Structured Prediction

= head{Eurousp)
Open. Timestamp Open High Low Close
1 2012.01.03 00:00:00 1.29357 1.30760 1.29343 1. 30528
2 2012.01.04 00:00:00 1.30528 1.30718 1.28967 1.29295
3 2012.01.05 00:00:00 1.29295 1.29427 1.27688 1.27905
4 2012.01.06 00:00:00 1.27905 1.28116 1.26961 1.27136
5 2012.01.08 00:00:00 1.27136 1.27136 1.26649 1.2677
6 2012.01.09 00:00:00 1.26778 1.27843 1.26762 1.27712
open. Timestamp open High Low Close
2012.01.03 00:00:00: 1 Min. :1.048 Min. :1.050 Min. :1.046 Min. 11,048
2012.01.04 00:00:00: 1 1st Qu.:1.272 1st Qu.:1.277 1st Qu. :1.267 1st Qu.:1.272
2012.01.05 00:00:00: 1 Median :1.311 Median :1.316 Median :1.306 Median :1.311
2012.01.06 00:00:00: 1 Mean ;1. 300 Mean :1. 304 Mean 11,296 Mean 11,300
2012.01.08 00:00:00: 1 3rd Qu.:1.349 3rd qQu.:1.353 3rd Qu.:1.346 3rd Qu.:1.349
2012.01.09 00:00:00: 1 Max. :1.393 Max. :1.399 Max. :1.391 Max. :1.393
{other) 11002
‘data.frame’: 1008 obs. of 5 variables:
% Open.Timestamp: Factor w/ 1008 levels "2012.01.03 00:00:00",..: 1 2 34 567 8 910 ...
$ open Dnum 1.29 1.31 1.29 1.28 1.27 ...
$ High Dnum 1.31 1.31 1.29 1.28 1.27 ...
$ Low ponum 1.291.29 1.28 1.27 1.27 ...
% Close onum 1.31 1.29 1.28 1.27 1.27 ...
Open High Low Close
2012-01-03 1.29357 1.30760 1.29343 1.30528
20012-01-04 1.30528 1.30718 1.28967 1.29295
2012-01-05 1.29295 1.29427 1. 27688 1.27905
20012-01-06 1.27905 1.28116 1.26961 1.27136
20012-01-08 1.27136 1.27136 1.26649 1.2677
2012-01-09 1.26778 1.27843 1.26762 1.27712




tr atr trueHigh trueLow
2012-01-03 NA  NA MNA MNA
2012-01-04 0.01751 NA 1.30718 1.289&7
2012-01-05 0.01739 NA 1.29427 1.27688
2012-01-06 0.01155 wNA 1.28116 1.26961
2012-01-08 0.00487 NA 1.27136 1.26649
2012-01-09 0.01081 wNA 1.27843 1.26762
atr
2012-01-03 NA
2012-01-04 NA
2012-01-05% NA
2012-01-06 NA
2012-01-08 NaA
2012-01-09 NA
Min. 1st Qu. Median Mean Ird qQu. Max.
-2.335e-02 -2.347e-03 -4.967e-05 -1.779e-04 2.155e-03 2.624e-02

LogReturns atr
2012-01-19 0.00753260408 0.01244214
2012-01-20 -0.0025263367 0.01226342
2012-01-22 -0.0032387061 0.01176603
2012-01-23 0.0106681264 0.01213846
2012-01-24 0.0007752087 0.01205285
2012-01-25 0.00534554841 0.01254551

[1] "LogrReturns" "TrueRange"




converged at iteration 29 with logLik: 9503.258

Convergence info: Log likelihood converged to within tol. {relative change)
"Tog Lik.' 9503.258 (df=20)

ATC: -18966.52

BIC: -18B6B.48

sTate 51 52 53
1 3 0.000000e+00 O.000000e+00 1
2 3 3.024478e-110 4.676808e-20 1
3 3 5.413285e-54 5.128597e-17 1
4 3 5.59701d4e-60 3.165933e-20 1
5 3 1.888606e-56 1.182525=-18 1
5] 3 3.550974e-61 4.008794e-22 1

state sl 52 53
1 3 0.000000e+00 O.000000e+00 1
2 3 3.024478e-110 4.676808e-20 1
3 3 5.413285e-54 5.129597e-17 1
4 3 5.597014e-60 3.165933e-20 1
5 3 1.888606e-56 1.182525%5e-18 1
5] 3 3.550974e-61 4.008794e-22 1




Log Return Values

-0.01-

Euro USD Daily Log Returns

0.01-

0.00-

2012-01 2012-07 2013-01 201307 2014-01 2014-07 2015-01
Date

" as of 0.4-0, ‘getsymbols’ uses env=parent.frame() and
auto.assign=TRUE by default.

This behavior will be phased out in 0.5-0 when the call will
default to use auto.assign=FALSE. getoption("getsymbols.env") and
getoptions("getsymbols. auto. assign™) are now checked for alternate defaults

This message is shown once per session and may be disabled by setting
options("getsymbols.warningd.0"=FALSE). See 7getsymbols for more details.
[1] "aspC"

an ‘xts’ object on 2004-01-02,/2016-11-30 containing:
Data: num [1:3252, 1] NAa 0.01232 0.00129 0.00236 0.00495 ...
- attr(®, "dimnames")=List of 2
50 NuLL
..% : chr "GsPC.Close"
Indexed by objects of class: [Date] TZ: UTC
Xts Attributes:
List of 2
§ src : chr "yahoo"
§ updated: POSIXct[1l:1], format: "2016-12-01 23:38:20"




GSPC.Close
2004-01-02 MA
2004-01-05 0.012319151
2004-01-06 0.001291313
2004-01-07 0.002364367
2004-01-08 0.004950824
2004-01-09 -0.008927336

0.10

0.05

0.00

-0.05

-0.10

GSPCDiff

Jan 02 2004 Jul01 2005 Jan 03 2007 Jul012008

Jan 04 2010

Jul 012011

Jan 02 2013

Julo12014

Jan 04 2016

Initial state probabilties
pri pr2
0.5 0.5

Transition matrix

tosl tos2
fromsl 0.5 0.5
froms2z 0.5 0.5

Response parameters
Resp 1 : gaussian

Rel. (Intercept) Rel.sd
stl 0 1
st2 0 1

mode]




converged at iteration 37 with TogLik: 10518.77

convergence info: Log likelihood converged to within tol.

"log Lik." 10518.77 (df=7)

ATC: -21023.55
BIC: -209B80.95

(relative change)

state 51 52
1 2 0.000000000 1.0000000
2 2 0.007586430 0.9924136
3 2 0.002517719 0.9974823
4 2 0.002560062 0.9974399
5 2 0.002BBB47E 0.9971115
6 2 0.005725704 0.9942742
Regime Detection
N (; 5[‘)0 10‘00 15‘00 20‘00 25‘00 30‘00
No of Observations
Regime Posterior Probabilities
) o T e ‘IMW ﬁ : !ﬂiv'ﬂ'ﬁr]:fw‘mw"r“ H.r?;‘ =
= : o i Ll }: &‘ “!i \y " ¥
0 500 1000 3000

No of Observations




Initial state probabilties model
pri pr2 pr3
0.333 0.333 0.333

Transition matrix

tosl tos2 tos3
fromsl 0.3233 0.3233 0.3233
froms2 0.333 0.333 0.333
froms3 0.333 0.333 0.333

Response parameters

Resp 1 : gaussian

Rel. (Intercept) Rel.sd
stl 0 1
st2 0 1
5T3 0 1

converged at diteration 102 with logLik: 10659.7

state 51 52
1 1 1.0000000 O.00000000 O
2 1 0.9780159 0.01904906 0
3 2 0.9196440 0.07866273 0
4 2 0.848E8129 0.14960389 0
5 2 0.7605025 0.237988546 0
5] 2 0.8433328 0.15467220 0

53

. 000000000
. 002935031
. 001693291
. 001583215
. 001508972
. 001995043

Returns

0.00 0.10

-0.10

T T
0 500 1000 1500

T
2000

No of Observations

T
2500

3000




Regime Posterior Probabilities

08

{ “ W’Fm‘m wmrrw ﬂ, |r 1‘ ‘m

Probability
04

00
1
=

T
0 500 1000

T T
2500 3000

Initial state probabilties model

prli pr2 pr3 pr4
0.25 0.25 0.25 0.25

Transition matrix

tosl tos2 tos3 tosd
fromsl 0.25 0.25 0.25 0.25
froms2z 0.25 0.25 0.25 0.25
froms3 0.25 0.25 0.25 0.25
froms4 0.25 0.25 0.25 0.25

Response parameters
Resp 1 : gaussian

Rel. (Intercept) Rel.s

stl 0
5t2 0
5t3 0
st4d 0

oo

converged at iteration 426 with 1ﬁgLik:

10684.96
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Chapter 10: Neural Networks

As of 0.4-0, ‘getsymbols’ uses env=parent.frame() and
auto.assign=TRUE by default.

This behavior will be phased out in 0.5-0 when the call will
default to use auto.assign=FALSE. getoption("getSymbols.env") and
getoptions('getsymbols. auto.assign”) are now checked for alternate defaults

This message is shown once per session and may be disabled by setting
options("getsymbols.warningd.0"=FALSE). See 7getSymbols for more details.
[1] "espC"

Index EMA
M. :2009-01-02 M. s 1.244
1st Qu. :2010-04-05 1st Qu. :35.562
Median :2011-06-30 Median :61. 666

Mean :2011-07-02 Mean :57.358
Ird qQu. :2012-09-27 Ird qu. :80. 360
Max. :2013-12-31 Max. :99. 364
NA'S 13
EMA
2009-01-02 MA
2009-01-05 MA
2009-01-06 MA
2009-01-07 MA

2009-01-08 919. 3020
2009-01-09 916.1713

Index EMA
M1 . :2009-01-02 M1 . A L
1st Qu. :2010-04-05 1st Qu. :1103
Median :2011-06-20 Median :1281
Mean 2011-07-02 Mean 1275
Ird Qu.:2012-09-27 Ird qu.:1411
Max. 2013-12-31 Max. 1836

NA S o4




GSPC.0pen
2009-01-02 MA
2009-01-05 M
2009-01-06 MA
2009-01-07 WA
2009-01-08 -13.572010
2009-01-09 -6.261344
Index GSPC. Open
M. :2009-01-02 M. -75.717
1=t Qu. :2010-04-05 1=t Qu.: -5.220
Median :2011-06-30 Median 3.261
Mean 1 2011-07-02 Mean c1.451
Ird qu. :2012-09-27 Ird qu.: B.777
Max. :2013-12-31 Max. 3E8.711
NA'S 14
macd signal
2013-12-23 0.4584068 0.4360493
2003-12-24 0.5525735 0.4593541
20013-12-26 0.6503602 0.4975553
2003-12-27 0.7544246 0, 5489292
20013-12-30 0.8202862 0.6032006
2013-12-31 0.8671819 0.6559969
Index macd signal
M. :2009-01-02 M. :-5.682181 M. =4 FVT2E
1st qQu. :2010-04-05 1st qQu. :-0.09344 1st qQu. :-0.04305
Median :2011-06-30 Median 0.63804 Median 0.61565
Mean :2011-07-02 Mean : 0.39505 Mean » 0.40129
Ird qQu. :2012-09-27 Ird qQu.: 1.13639 Ird qQu.: 1.08340
Max. 12013-12-31 Max. 2.94747 Max. 2.63443
NA'S 125 NA'S 133




dn mavg up pctB
2013-12-23 1773.709 1798, 316 1822.924 (0.9999155
20013-12-24 1771.752 1799401 1827.050 1.0175470
2013-12-26 1769.309 1801.005 1832.701 1.0356273
2013-12-27 1766. 374 1802.980 1839.586 1.0462175
2013-12-30 1764, 382 1804.619 1844, 856 0.9579193
2013-12-31 1762.902 1806.422 1849,942 0,.9157658
Index dn mavg up pctB
Min. :2009-01-02 Min. : 650.2 Min. : 736.7 Min. : 805.1 Min. :-0.3308
1st Qu. :2010-04-05 1st Qu. :1060.2 1st Qu. :1103.0 1st Qu.:1141.1 1st Qu.: 0.3790
Median :2011-06-30 Median :1245.6 Median :1282.9 Median :1322.8 Median : 0.7077
Mean :2011-07-02 Mean 11232.2 Mean 11273.7 Mean :1315.1 Mean : 0.8110
3rd Qu.:2012-09-27 Ird Qu. :1380.8 3rd Qu. :1408.0 Ird Qu.:1440.0 Ird qQu.: 0.B8649
Max. :2013-12-31 Max. :1779.4 Max. :1806.4 Max. :1849.9 Max. 1. 2875
NA'S 119 NA'S 119 NA'S 119 NA'S 119
pctb
2013-12-23 0.9999155
2013-12-24 1.0175470
2013-12-26 1.0356273
2013-12-27 1.0462175
2013-12-30 0.9579193
2013-12-31 0.9157658
Index pcte
Min. :2009-01-02 Min. -0.33208
1st qQu. :2010-04-05 1st qQu.: 0.3790
Median :2011-06-30 Median 0.7077
Mean 12011 -07-02 Mean : 0.6110
Ird Qu. :2012-09-27 3rd Qu.: 0.8649
Max. :2013-12-31 Max. 1.2875
NA'S 119




GSPC.Close
2013-12-23 5.069946
2013-12-24 5.299926
2013-12-26 7. 060059
2013-12-27 -1.569947
2013-12-30 -0.400025
2013-12-31 5. 750000
"data.frame’: 1258 obs. of 5 wvariables:
i EMA Donum WA MNA MNA BE.3 43.7 ...
§ GSPC.Open num - MA NA NA NA -13.6 ...
§ signal num NA NA NA NA NA NA NA NA NA NA ...
3 pCctB num  MA NA MA MA NA MA MA NA MA MNA ...
$ gsPC.Close: num 28.81 -1.72 3.53 -20.8 4 ...
[1] 1176 5
"data. frame': 1225 obs. of 5 variables:
$ RSIZ num 6.99 6.32 2.47 46.69 41.4 ...
$ EMACross num -21.45% -16.05% -29.74 -2.53 -4.94 ...
$ MacDsignal: num -1.78 -1.98 -2.24 -2.45 -2.64 ...
% Bollingers: num -0.06817 -0.00641 -0.10584 0.138 0.1466 ...
£ Price num -5.82 -29.92 28.45 -5.74 -12.93 ...
RSI3 EMACross  MACDsignal Bollingere Price
1220 0. 89496822600 0.8039542230 0.7033909706 0.8223095381 0.6403435993
1221 0.9168950078 0.7862496259 0.7065352979 0.8332047211 0.0420948929
1222 0.9425533165 0.7851664068 0.7116894675 0.8443772077 0.6554982746
1223 0.9637450977 0.7906786046 0.7186209104 0.B509212683 0. 5897809313
1224 0. 8B05725768 0.7389470017 0.7259432951 0.7963585576 0. 59868980067
1225 0.8917172659 0.7198402887 0.7330606522 0.7703103038 0.0455221985

[1] 816 5




RSI3 EMACross MaCDsignal Bollingere Price
Min. :0.004723371 Min. :0. 0000000 Min. :0. 0000000 Min. :0. 0000000 Min. 0.0000000
1st Qu.:0.345216893 1st Qu. :0.6129767 1st Qu.:0.6219857 1st Qu.:0.4313891 1st Qu.:0.5609580
Median :0.621185723 Median :0.6903207 Median :0.7327540 Median :0.6440188 Median :0.6109499
Mean :0.571760152 Mean :0.6733781 Mean :0. 6966899 Mean :0.5788036 Mean 0.6071108
3rd qu. :0.808167123 3rd Qu. :0.739937¢6 3rd Qu. :0.8091630 3rd qQu.:0.7358875 3rd qu. :0.6604099
Max. :1. 000000000 Max. 1.0000000 Max. 1.0000000 Max. 1.0000000 Max. 1.0000000
[1] 409 5
rRelative Strength Index3 Exp Moving Avg5Cross MACD Signal Bollinger Bands Percentage Price Diff
Min. 4,671 Min. :-30.553 Min. :-1.0854  min. :-0.2714 Min. 1-36.480
1st Qu.:39.035 1st qQu.: -3.277 1st qu.: 0.3320 1st qQu.: 0.4582 1st Qu.: -4.952
Median :64.992 Median : 3.927 Median : 0.677 Median : 0.7307 Median : 1.360
Mean 159,845 Mean o 2.684 Mean 1 0.5522 Mean : 0.6464 Mean :1.290
3rd qQu. :80.769 3rd Qu.: §&.664 3rd Qu.: 0.9498 3rd qu.: 0.8767 3rd Qu.: 7.453
Max. 198,988 Max. T 28.171 Max. : 1.3574 Max.  1.2709 Max. T 36.230
NA'S 149 NA'S 149 NA'S 149 NA'S 149 NA'S 149
\ : 3
3 2
RSI3 o % %
Q o
-1.14886
EMACcross 2
E
&
Q Price
MACDsignal
0.12153 .
BollingerB

Error: 440823 Steps: 67106

443
444
445
446
447
448

DATE WALUE
1976-06-01 5.4
1976-05-01 5.5
1976-04-01 3.6
1976-03-01 5.7
1976-02-01 5.9
1976-01-01 6.0




date rate
Min. :1976-01-01 Min. 3. 000
1st Qu. :1985-04-23 1st Qu.: 4.400
Median :1994-08-16 Median @ 5.100
Mean :1994-08-16 Mean v 5.675
Ird Qu. :2003-12-08 Ird qQu.: 7.000
Max. 12013-04-01 Max. :11. 900
date rate
M . 1977 -01-01 M . 3.000
1st Qu. :1986-01-24 1st Qu. : 4.400
Median :1995-02-15 Median : 5.000
Mean :1995-02-15 Mean o 5.8079
Ird qQu. :2004-03-08 Ird qQu.: 7.100
Max. :2013-04-01 Max. :11.900
date rate
M. :1976-01-01 M. 5.400
1st Qu. :1976-03-24 1st Qu. :5.400
Median :1976-06-16 Median :5.450
Mean 1976-06-186 Mean :5.550
Ird qQu. :1976-09-08 Ird Qu.:5.625
Max. 1976-12-01 Max. 6. 000
Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
1976 ®.8 6.9 ©.9 .9 6.9 6.9 8.9 7.0 7.0 7.1 7.1 7.1
1977 7.1 7.1 7.1 V.1 7.2 7.4 7.5 V.6 7.7 7.8 V.8 V.8
1978 7.9 7.9 7.9 EH.0 B.1 8.2 EB.3 EB.3 B.4 E.4 E.5 B8.7
1979 E.9 9.0 9.1 9.2 9.2 9.1 9.1 9.0 9.0 9.0 E.9 B&.8
1980 8.6 8.2 7.7 V.2 ©.6 6.0 5.6 5.2 5.0 4.8 4.6 4.5
1981 4.4 4.4 4.5 4.6 4.8 4.9 5.0 5.0 5.1 5.0 5.0 4.9
1982 4.9 4.9 4.9 4.9 4.9 4.9 4.8 4.8 4.8 4.7 4.7 4.7
1983 4.7 4.7 4.7 4.7 4.8 4.8 4.8 4.8 4.7 4.7 4.6 4.6
1984 4.8 4.6 4.7 4.7 4.8 4.8 4.8 4.9 4.9 5.0 5.0 5.1
1985 5.1 5.2 5.3 5.3 5.4 5.5 5.6 5.Y¥ 5.8 5.B 5.8 5.8
1986 5.8 5.8 5.7 5.6 5.5 5.4 5.4 5.3 5.3 5.3 5.3 5.4
1987 5.4 5.5% 5.5 5.4 5.3 5.1 4.9 4.8 4.6 4.5 4.5 4.4
1988 4.3 4.2 4.1 3.9 3F.8 3.7 3.7 F.7 3.7 3.7 3.6 3.5




Jan Feb Mar Apr May Jun Jul Aug Sep OCt Nov Dec

2012 5.5 5.4 5.4 5.4 5.4 5.4 5.4 5.5
2013 5.6 5.7 5.9 6.0

udts
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Durbin-watson test

data: ml
DWw = 0.0065342, p-value < 2.2e-16

alternative hypothesis: true autocorrelation is not O

Durbin-watson test

data: m2
DWw = 0.0065138, p-value < 2.2e-186

alternative hypothesis: true autocorrelation is not O

data
4 ;] 8 1o 12

seasonal

trend

remainder

1980 1980
fime

2000

2010

om oot

003

04 08

04 00




level observed

slope

Decomposition by ETS(M,Ad,N) method

1980

1980 2000
Time

2010
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Forecasts from ARIMA(1,1,2)

1980

1990 2000

2010




Series: ud.ts
Model: NNAR(Z26,1,14)3[12]
call: nnetar (y = ud.ts)

Average of 20 networks, each of which is
a 26-14-1 network with 393 weights
options were - Tinear output units

sigmar2 estimated as 0.002508




Forecasts from NNAR(26,1,14)[12]

o
—
o
—
m —
(«D —
q' —
I I I I
1980 1990 2000 2010
ME RMSE MAE MPE MAPE MASE ACF1 Theil's U
Training set 9.159009e-17 1.9019099 1.53702129 -10.31273981 28.302156 1.8593353 0.9963622 NA
Test set -1.288991e-01 0.2396838 0.22278287 -2.453281447 4,031039 0.2695005 0.6989796 763092
Training set -3.218391e-03 0.1526773 0.09287356 -0.08228355 1.582567 0.1123492 0.6931248 NA
Test set 1.500000e-01 0.2516611 0.15000000 2.57879386 2.578794 0.1814551 0.6989796 818489
Training set -5.212264e-02 1.2587336 0.82665094 -2.87696955 14.538198 1.0000000 0.9830841 NA
Test set 4.333333e-01 0.4377975 0.43333333 7.78692151 7.786922 0.5242035 0.3333333 842820
Training set 1.837714e-16 0.1526433 0.09443467 -0.01973132 1.613285 0.1142377 0.6931248 NA
Test set 1.532184e-01 0.2535926 0.15321839 2.63685674 2.636857 0.1853484 0.6989796 . 839636




Training
Test set
Training
Test set
Training
Test set
Training
Test set
Training
Test set
Training
Test set

set

set

set

set

set

set

ME

.475375e-16
.487103e-01
.195430e-16
.492242e-01
.854464e-04
.097884e-02
.015557e-03
.002618e-02
.528991e-04
.395984e-02
. 892526e-04
.551299e-01

RMSE

. 88722530

58297971
88705289
58206536
10432066
19531345
10565958

. 20305522
.10522503
.20312273
. 05007881
. 27955692

MAE
53083801
54871027
53086653
54922422
06381823
13899105
06330050

.14225925
. 06285967
.14102062
. 03839996
.16401471

-10.
-10.
-10.
. 029107757
. 018096634
. 983630329
. 017500191
.143733343
. 022495362
. 215641649
. 007259723
. 652956228

MPE
161145296
023338649
158672457

28.
10.
28.
10.
.1601990
.4283009
.1509450
.4813827
. 1488709
.4575079
. 7362521
. 8174896

PO R R R

MAPE
1539971
0233386
1523947
0291078

MASE

. 85185539
. 66377505
. 85188990
. 66439678
. 07720094
.16813754
. 07657464
.17209107
.07604136
L17059271
. 04645245
. 19840867

OO0 000000000

ACF1 Theil's U

. 995828645
. 695878741

99584977
687555685

.111597690

683262346
094513111

. 686501904
.003619751
. 685511079
. 192874177
. 676462478

6.

6.

2.

NA
671710
NA
623429
NA
197669
NA

. 279852

NA

L 277821

NA

.137278




Chapter 11:

Deep Learning
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[,1] [,2] [,3] [,4] [,5] [,6] .71 [.8] [,9] [,10] [,11] [,12]
[1,] 0.5451726 0.5796069 0.5282779 0.6387957 0.7546948 0.7972073 0.6898536 0.7815417 0.6871595 0.8071538 0.91768127 0.8761765
[2,] 0.6354409 0.5307202 0.5741530 0.7599904 0.6479934 0.7618196 0.8116367 0.7868224 0.7673894 0.8842260 0.7908040 0.7840033
[3,] 0.5937034 0.5763600 0.7044705 0.7500259 0.7670115 0.7776825 0.8477539 1.0000000 0.7245861 0.8225836 0.7894753 0.7960983
[4,] 0.5028951 0.6123338 0.6415219 0.5883772 0.7825188 0.6869214 0.8130090 0.7224553 0.7939027 0.7268006 0.9454927 0.8658338
[5,1 0.5988042 0.5487380 0.6882531 0.6303222 0.6926913 0.7069975 0.8730621 0.6881716 0.8402071 0.7075135 0.7285208 0.7772329
[6,] 0.5451726 0.5796069 0.5282779 0.6387957 0.7546948 0.7972073 0.6898536 0.7815417 0.6871595 0.8071538 0.9178127 0.8761765
7,] 0.6354409 0.5307202 0.5741530 0.7599904 0.6479934 0.7618196 0.8116367 0.7868224 0.7673894 0.8842260 0.7908040 0.7840033
[8,1 0.5937034 0.5763600 0.7044705 0.7500259 0.7670115 0.7776825 0.8477539 1.0000000 0.7245861 0.8225836 0.7894753 0.7960983
[9,]1 0.5028951 0.6123338 0.6415219 0.5883772 0.7825188 0.6869214 0.8130090 0.7224553 0.7939027 0.7268006 0.9454927 0. 8658338
[10,] 0.5988042 0.5487380 0.6882531 0.6303222 0.6926913 0.7069975 0.8730621 0.6881716 0.8402071 0.7075135 0.7285208 0.7772329
[,13] [,14] [.15] [.,16] [.17 [.,18] [,19] [,20] [,21] [.22] [.23] [.24]
[1,] 0.7718405 0.8477304 0.7924695 0.6970002 0.5634776 0.5786857 0.6218280 0.5315196 0.3873829 0.2014617 0.2801250 0.1127961
[2,] 0.9076216 0.9449744 0.7725552 0.7559216 0.5679354 0.6402321 0.4889864 0.5152894 0.3331712 0.3476343 0.2669833 0. 3206857
[3,] 0.7978590 0.8619244 0.7800906 0.5694356 0.5083825 0.6706676 0.5561135 0.5944188 0.3733927 0.4216502 0.2492627 0. 352087
[4,] 0.6231765 0.7066160 0.6909037 0.6063421 0.6860786 0.6565400 0.5999989 0.5714045 0.2961664 0.2843159 0.1712096 0.4162656
[5,] 0.8041476 0.8540351 0.6815423 0.7974153 0.6635038 0.5690770 0.6247283 0.5370858 0.4737641 0.4405969 0.2221804 0.2751527
[6,] 0.7718405 0.8477304 0.7924695 0.6970002 0.5634776 0.5786857 0.6218280 0.5315196 0.3873829 0.2014617 0.2801250 0.1127961
7,] 0.9076216 0.9449744 0.7725552 0.7559216 0.5679354 0.6402321 0.4889864 0.5152894 0.3331712 0.3476343 0.2669833 0. 3206857
[8,1 0.7978590 0.8619244 0.7800906 0.5694356 0.5083825 0.6706676 0.5561135 0.5944188 0.3733927 0.4216502 0.2492627 0.3520874
[9,] 0.6231765 0.7066160 0.6909037 0.6063421 0.6860786 0.6565409 0.5999989 0.5714045 0.2961664 0.2843159 0.1712096 0.4162656
[10,] 0.8041476 0.8540351 0.6815423 0.7974153 0.6635038 0.5690770 0.6247283 0.5370858 0.4737641 0.4405969 0.2221804 0.2751527
[,25] [,28] [.27 [,28] [,29] [,20] [,31] [,32] [,33] [,34] [,35] [,36]
[1,] 0.1446305 0.1855372 0.1312774 0.09536614 0.1481058 0.13109154 7.508331e-17 0.1625059 0.2712798 0.2327581 0.1349303 0.17058057
[2,] 0.3417331 0.3199320 0.2515934 0.12841562 0.2042807 0.04718597 1.889101e-01 0.0481722 0.1007691 0.1986537 0.1256320 0.39106986
[3,] 0.1980562 0.2647339 0.2452782 0.02892975 0.2436258 0.24789822 4.848882e-02 0.2645255 0.1501646 0.1904320 0.3297219 0.29845516
[4,1 0.2830731 0.3072307 0.2342600 0.17771651 0.2697995 0.15991971 1.236458e-01 0.1479723 0.2870491 0.1440244 0.1783199 0.09572346
[5,] 0.3039392 0.3919639 0.1635932 0.19287067 0.2151497 0.15646443 1.662634e-01 0.2532369 0.1318188 0.1091675 0.1274274 0.26543369
[6,] 0.1446305 0.1855372 0.1312774 0.09536614 0.1481058 0.13109154 0.000000e+00 0.1625059 0.2712798 0.2327581 0.1349303 0.17058057
[7,] 0.3417331 0.3199320 0.2515934 0.12841562 0.2042807 0.04718597 1.889101e-01 0.0481722 0.1007691 0.1986537 0.1256320 0.39106986
[8,] 0.1980562 0.2647339 0.2452782 0.02892975 0.2436258 0.24789822 4.848882e-02 0.2645255 0.1501646 0.1904320 0.3297219 0.29845516
[9,] 0.2830731 0.3072307 0.2342600 0.17771651 0.2697995 0.15991971 1.236458e-01 0.1479723 0.2870491 0.1440244 0.1783199 0.09572346
[10,] 0.3039392 0.32919639 0.1635932 0.19287067 0.2151497 0.15646443 1.662634e-01 0.2522369 0.12318188 0.1091675 0.1274274 0.26543369
[,1] [,2] [,3] [,4] [,5] [,6] [,7] [,8] [,91 [,10 [l [l [13]
[1,] 0.993B442 0.9755283 0.9455033 0.9045085 0.8535534 0.7938926 0.7269952 0.6545085 0. 5782172 0.5 0.4217828 0.3454915 0.2730048
[2,] 0.9938442 0.9755283 0.9455033 0.9045085 0.8535534 0.7938926 0.7269952 0.6545085 0. 5782172 0.5 0.4217828 0.3454915 0. 2730048
[3,] 0.9938442 0.9755283 0.9455033 0.9045085 0.8535534 0.7938926 0.7269952 0.6545085 0. 5782172 0.5 0.4217828 0.3454915 0.2730048
[4,] 0.9938442 0.9755283 0.9455033 0.9045085 0.8535534 0.7938926 0.7269952 0.6545085 0.5782172 0.5 0.4217828 0.3454915 0.2730048
[5,]1 0.9938442 0.9755283 0.9455033 0.9045085 0.8535534 0.7938926 0.7269952 0.6545085 0.5782172 0.5 0.4217828 0.3454915 0.2730048
[6,] 0.9938442 0.9755283 0.9455033 0.9045085 0.8535534 0.7938926 0.7269952 0.6545085 0.5782172 0.5 0.4217828 0.3454915 0.2730048
[7,] 0.9938442 0.9755283 0.9455033 0.9045085 0.8535534 0.7938926 0.7269952 0.6545085 0.5782172 0.5 0.4217828 0.3454915 0.2730048
[8,]1 0.9938442 0.9755283 0.9455033 0.9045085 0.8535534 0.7938926 0.7269952 0.6545085 0.5782172 0.5 0.4217828 0.3454915 0.2730048
[9,] 0.9938442 0.9755283 0.9455033 0.9045085 0.8535534 0.7938926 0.7269952 0.6545085 0.5782172 0.5 0.4217828 0.3454915 0.2730048
[10,] 0.9938442 0.9755283 0.9455033 0.9045085 0.8535534 0.7938926 0.7269952 0.6545085 0.5782172 0.5 0.4217828 0.3454915 0. 2730048
[.14] [.15] [.16] [.17] [.18] [.19] [,20] [,21] [.22] [.23] [.24] [.25] [,26]
[1,] 0.2061074 0.1464466 0.0954915 0.05449674 0.02447174 0.00615583 0 0.00615383 0.02447174 0.05449674 0.0954915 0.1464466 0.2061074
[2,] 0.2061074 0.1464466 0.0954915 0.05449674 0.02447174 0.00615583 0 0.00615383 0.02447174 0.05449674 0.0954915 0.1464466 0.2061074
[3,] 0.2061074 0.1464466 0.0954915 0.05449674 0.02447174 0.00615583 0 0.00615583 0.02447174 0.05449674 0.0954915 0.1464466 0.2061074
[4,] 0.2061074 0.1464466 0.0954915 0.05449674 0.02447174 0.00615583 0 0.00615583 0.02447174 0.05449674 0.0954915 0.1464466 0.2061074
[5,]1 0.2061074 0.1464466 0.0954915 0.05449674 0.02447174 0.00615583 0 0.00615583 0.02447174 0.05449674 0.0954915 0.1464466 0.2061074
[6,] 0.2061074 0.1464466 0.0954915 0.05449674 0.02447174 0.00615583 0 0.00615583 0.02447174 0.05449674 0.0954915 0.1464466 0.2061074
7,] 0.2081074 0.1464466 0.0954915 0.05449674 0.02447174 0.00615583 0 0.00615383 0.02447174 0.05449674 0.0954915 0.1464466 0.2061074
[8,] 0.2061074 0.1464466 0.0954915 0.05449674 0.02447174 0.00615583 0 0.006155383 0.02447174 0.05449674 0.0954915 0.1464466 0.2061074
[9,] 0.2061074 0.1464466 0.0954915 0.05449674 0.02447174 0.00615583 0 0.00615383 0.02447174 0.05449674 0.0954915 0.1464466 0.2061074
[10,] 0.2061074 0.1464466 0.0954915 0.05449674 0.02447174 0.00615583 0 0.00615383 0.02447174 0.05449674 0.0954915 0.1464466 0.2061074
[,271 [,28] [,29] [.30] [,21] [,32] [,33] [,24] [,35] [,36] [,37] [,38] [,29] [,40]
[1,] 0.2730048 0.3454915 0.4217828 0.5 0.5782172 0.6545085 0.7269952 0.7938926 0.8535534 0.9045085 0.9455033 0.9755283 0.9938442 1
[2,] 0.2730048 0.3454915 0.4217828 0.5 0.5782172 0.6545085 0.7269952 0.7938926 0.8535534 0.9045085 0.9455033 0.9755283 0.9938442 1
[3,]1 0.2730048 0.3454915 0.4217828 0.5 0.5782172 0.6545085 0.7269952 0.7938926 0.8535534 0.9045085 0.9455033 0.9755283 0.9938442 1
[4,] 0.2730048 0.3454915 0.4217828 0.5 0.5782172 0.6545085 0.7269952 0.7938926 0.8535534 0.9045085 0.9455033 0.9755283 0.9938442 1
[5,] 0.2730048 0.3454915 0.4217828 0.5 0.5782172 0.6545085 0.7269952 0.7938926 0.8535534 0.9045085 0.9453033 0.9755283 0.9938442 1
[6,] 0.2730048 0.3454915 0.4217828 0.5 0.5782172 0.6545085 0.7269952 0.7938926 0.8535534 0.9045085 0.9453033 0.9755283 0.9938442 1
[7,] 0.2730048 0.3454915 0.4217828 0.5 0.5782172 0.6545085 0.7269952 0.7938926 0.8535534 0.9045085 0.9455032 0.9755283 0.9938442 1
[8,] 0.2730048 0.3454915 0.4217828 0.5 0.5782172 0.65345085 0.7269952 0.7938926 0.8535534 0.9045085 0.9453033 0.9755283 0.9938442 1
[9,] 0.2730048 0.3454915 0.4217828 0.5 0.5782172 0.65345085 0.7269952 0.7938926 0.8535534 0.9045085 0.9453033 0.9755283 0.9938442 1
[10,] 0.2730048 0.3454915 0.4217828 0.5 0.5782172 0.6545085 0.7269952 0.7938926 0.8535534 0.9045085 0.9455033 0.9755283 0.9938442 1
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Chapter 12: Case Study - Exploring World
Bank Data

[1] 41150 6
[1] 27023 ]
[1] 31884 6
[1] 23994 6
Classes ‘data.table’ and 'data.frame': 41150 obs. of & variables:
$ value :onum 3.92e+08 3. 84e+08 3.77e+08 3.69e+08 3.61e+08 ..
$ date : chr "2015" "2014" "2013" "z2012" ...
§ dindicatorIp: chr "SP.POP.TOTL" "SP.POP.TOTL" "SP.POP.TOTL" "SP.POP.TOTL" ...
$ indicator : chr "pPopulation, total” "population, total” "Population, total"” "population, total” ..
§ dso2c ochr 1AM T1AT T1aT 1AM L.
$ country : chr "arab world” "arab world” "Arab world” "Arab world" ..
- attr(®*, ".internal.selfref")=<externalptr>
Classes “data.table’ and 'data.frame’: 27023 obs. of 6 variables:
§ value Donum  3.92e+08 3.84e+08 2.77e+08 3.69e+08 3.61e+08 ...
§ date : chr  "2015" "2014" "2013" "2012" ...
§ indicatorIip: chr "sP.POP.TOTL" "SP.POP.TOTL" "SP.POP.TOTL" "SP.POP.TOTL" ...
$ indicator : chr "pPopulation, total” "Population, total"” "Population, total” "pPopulation, total” ...
§ iso2c :chr "1A™ T1AT 1AM "1aT L.,
§ country : chr "arab world" "arab world" "arab world" "arab world" ...

attr(*, ".internal.selfref")=<externalptr>




Classes ‘data.table’ and "data.frame': 31884 obs. of 6 variables:
$ value :onum 3.92e+08 3.B4e+08 3.77e+08 3.69e+08 3.61e+08 ...
$ date : chr  "2015" "2014" "2013" "2012" ...
§ indicatorIp: chr "SP.POP.TOTL" "SP.POP.TOTL" "SP.POP.TOTL" "SP.POP.TOTL" ...
$ indicator : chr "population, total"” "population, total” "Population, total” "Population, total"” ...
$ iso2c : chr TIAT O T1IAT O TIAT 1At L.
$ country : chr "arab world" "arab world" "arab world" "Arab world" ...
- attr(®*, ".internal.selfref")=<externalptr>
Classes ‘data.table’ and 'data.frame’: 23994 obs. of 6 variables:
$ value Donum 2.57e+12 2.8%e+12 2.83e+12 2.73e+l2 2.50e+12 ...
$ date : chr "2015™ "2014" "2013" "2012" ...
§ indicatorIDp: chr "NY.GDP.MKTP.CD" "NY.GDP.MKTP.CD" "NY.GDP.MKTP.CD" "NY.GDP.MKTP.CD" ...
$ indicator : chr "GDP {current US$)" "GDP (current Us$)" "GDP (current US$)" "GDP (current uUs$)"
§ iso2c rochr 1A T1aT T1AT TiaT L.
§ country : chr "arab world” "aArab world” "arab world” “aArab world” ...
- attr(®, ".internal.selfref")=<externalptr>
Classes ‘data.table’ and 'data.frame’: 23994 obs. of & variables:
§ value Donum 2.57e+12 2.8%e+12 2.83e+12 2.73e+l2 2.50e+12 ...
§ date : chr "2015™ "2014" "2013" "2012" ...
$ indicatorID: chr "NY.GDP.MKTP.CD" "NY.GDP.MKTP.CD" "NY.GDP.MKTP.CD" "NY.GDP.MKTP.CD" ...
$ indicator : chr "GDP (current US$)" "GDP (current UsS$)" "GDP (current US$)" "GDP (current US$)"
$ is02cC : chr 1AM T1AT O T1AT 1At L.
$ country : chr "aArab world” "Arab world” "arab world” "Arab world” ...
- attr(®, ".internal.selfref")=<externalptr>
value date indicatoriD indicator iso2c country
1: 392022276 2015 5P.POP.TOTL Population, total 14 Arab world
2: 384222592 2014 s5P.POP.TOTL Population, total 14 Arab world
3: 376504253 2013 5P.POP.TOTL Population, total 14 Arab world
4: 368802611 2012 SP.POP.TOTL Population, total 14 arab world
5: 361031820 2011 sP.POP.TOTL Population, total 14 arab world
6: 353112237 2010 5P.POP.TOTL Population, total 1A Arab world
value date indicatorID indicator iso2c country
1: 392022276 2015 SP.POP.TOTL Population, total 1A Arab world
2: 384222592 2014 SP.POP.TOTL Population, total 1A Arab world
3: 376504252 2013 sSP.POP.TOTL Population, total 14 Arab world
4: 368802611 2012 SP.POP.TOTL Population, total 14 Arab world
5: 361031820 2011 SP.POFP.TOTL Fopulation, total 14 Arab world
6: 353112237 2010 5P.POP.TOTL Population, total 14 Arab world
value date indicatorID indicator iso2c Country
1: 392022276 2015 5P.POP.TOTL Fopulation, total 14 Arab world
2: 3B4222592 2014 sP.POP.TOTL Population, total 14 Arab world
3: 376504253 2013 SP.POP.TOTL Population, total 14 arab world
4: 368802611 2012 SP.POP.TOTL Population, total 1a arab world
5: 361031820 2011 sSP.POP.TOTL Population, total 1A Arab world
6: 353112237 2010 SP.POP.TOTL Population, total 1A Arab world




value date indicatorIoD indicator iso2c country

1: 2.565871e+12 2015 NY.GDP.MKTP.CD GDP {current UsS%) 14 Arab world
2: 2.889755e+12 2014 NY.GDP.MKTP.CD GDP {current Us%) 14 Arab world
3: 2.830820e+12 2013 NY.GDP.MKTP.CD GDP (current Us%) 1A Arab world
4: 2.733908e+12 2012 NY.GDP.MKTP.CD GDP {current US%) 14 Arab world
5: 2.497297e+12 2011 NY.GDP.MKTP.CD GDP {(current US%) 14 Arab world
6: 2.10383%9e+12 2010 NY.GDP.MKTP.CD GDP {current US%) 14 Arab world
[1] 14823 G
[1] 13253 3]
[1] 13274 5
[1] 11050 6

[1] 1350 6




[1] 6211 4]
[1] 1032 6
[1] 11912 6
iso3c isoZc country capital Tong lat regionID region adminID
1: ABW AW Aruba oranjestad -70.0167 12.5167 LCN Latin America & Caribbean NA
2: AFG AF Afghanistan Kabul ©9.1761 34.5228 SAS South Asia SAS
3: AFR A9 africa NA NA NA NA Aggregates NA
4: AGO AO Angola Luanda  13.242 -8.81155 S5F Sub-5aharan Africa SSA
5: ALB AL Albania Tirane 19.8172 41.3317 ECS Europe & central aAsia ECA
6: AND AD Andorra Andorra la vella  1.5218 42.5075 ECS Europe & Central Asia NA
admin incomeID income lendingID Tending
1: NA HIC High income LNX Not classified
2: south Asia LIC Low income IDX IDA
3: Na NA Aggregates Na Aggregates
4: Sub-saharan africa (excluding high income) UMC Upper middle income IED IERD
5: Europe & Central Asia (excluding high income) UMC Upper middle income IED IERD
6: NA HIC High income LNX Not classified
iso3c iso2c country capital long lat
1: ARB 1A Arab world NA  NA NA
2: WLD 1w world MA  NA  NA
3: EAP 4E East Asia & Pacific (excluding high income) NA NA  NA
4: DXS 6D IDA total, excluding Sub-Saharan Africa NA NA  NA
5: FXS 6F IDA countries classified as fragile situations, excluding Sub-Saharan africa NA  NA NA
a: NLS 6L Non-resource rich sub-saharan africa countries, of which Tandlocked NA NA  NA
regionID region adminID admin incomeID income lendingID Tlending
1: NA Aggregates NA NA NA Aggregates NA Aggregates
2: NA Aggregates NA NA NA Aggregates NA Aggregates
3: NA Aggregates NA NA NA Aggregates NA Aggregates
4: NA Aggregates NA NA NA Aggregates NA Aggregates
5: NA Aggregates NA NA NA Aggregates NA Aggregates
6: NA Aggregates NA NA NA Aggregates NA Aggregates




iso3c iso2c country capital long lat regionIiD region adminID admin incomeID
1: AND AD andorra andorra Ta vella 1.5218 42,5075 ECS Europe & Central Asia NA NA HIC
2: AND AD andorra andorra la vella 1.5218 42,5075 ECS Europe & Central Asia NA NA HIC
3: AND AD Andorra andorra Ta vella 1.5218 42,5075 ECS Europe & Central Asia NA NA HIC
4: AND AD andorra andorra la vella 1.5218 42,5075 ECS Europe & Central Asia NA NA HIC
5: AND AD Andorra andorra Ta vella 1.5218 42,5075 ECS Europe & Central Asia NA NA HIC
6: AND AD andorra andorra la vella 1.5218 42,5075 ECS Europe & Central Asia NA NA HIC
income lendingID lending value date indicatorID indicator i.country
1: High income LNX Not classified 70473 2015 SP.POP.TOTL Population, total Andorra
2: High income LNX Not classified 72786 2014 sP.pPOP.TOTL Population, total Andorra
3: High income LNX Not classified 75902 2013 sP.POP.TOTL Population, total Andorra
4: High income LNx Not classified 79316 2012 sP.POP.TOTL Population, total Andorra
5: High income LNX Not classified 82326 2011 sP.POP.TOTL Population, total Andorra
6: High income LNx Not classified 84419 2010 sP.POP.TOTL Population, total Andorra
country region date value.pPopulation, total value.Fertility rate, total (births per woman)
1: andorra Europe & Central Asia 2015 70473 NA
2: Andorra Europe & Central Asia 2014 72786 NA
3: Andorra Europe & Central Asia 2013 75902 NA
4: aAndorra Europe & Central Asia 2012 79316 NA
5: Andorra Europe & Central Asia 2011 82326 NA
12053: Zimbabwe sub-saharan africa 1964 4279561 7.347
12054 : Zimbabwe sub-saharan africa 1963 4140804 7.311
12055: Zimbabwe  sub-saharan Africa 1962 4006262 7.267
12056: Zimbabwe  Sub-5Saharan Africa 1961 3876638 7.215
12057: Zimbabwe  Sub-saharan africa 1960 3752390 7.158
value.Life expectancy at birth, total (years)
1: NA
2: NA
3: NA
4: NA
5: NA
12053: 52.97166
12054: 52.62932
12055: 52.27790
12056: 51.91495
12057 : 51. 54246
country region date value.GDP (current US$) value.access to electricity (% of population) value.co? emissions (kt)
1: Andorra Europe & Central Asia 2013 3248924588 NA 491,378
2: andorra Europe & Central asia 2012 3146151869 100 491.378
3: Andorra Europe & Central Asia 2011 3427022519 NA 491,378
4: Andorra Europe & Central Asia 2010 3346516556 100 517.047
5: Andorra Europe & Central Asia 2009 3650083356 NA 517.047
10483: Zimbabwe sub-saharan africa 1964 1217138000 NA 4473.740
10484: Zimbabwe  sSub-saharan africa 1963 1159511700 NA NA
10485: Zimbabwe sub-saharan africa 1962 1117601600 NA NA
10486: Zimbabwe  sSub-saharan africa 1961 1096646600 NA NA
10487: Zimbabwe sub-saharan africa 1960 1052990400 NA NA
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Chapter 13: Case Study - Pricing
Reinsurance Contracts

Year Hurricane.Description State Category Base.Economic.Damage Normalized.PLOS Normalized.CLOS X X.1
1 1900 Galveston (1) T 4 30,000,000 ¥7,961,217,075 71,883,312,422 NA NA
2 1901 4 LA,MS 1 1,000,000 160,419,111 194,228,565 NA NA
3 1903 3 FL 1 700,000 5,233,590,783 4,205,750,228 NA NA
4 1904 2 sC 1 2,000,000 884,746,945 1,521,808,490 NA NA
5 19086 5 AL,M3 2 4,000,000 1,781,764,478 2,013,732,631 NA NA
6 1906 8 FL 3 200,000 1,449,580,271 1,180,430,774 NA NA
Year Hurricane.Description State Category Base.Economic.Damage Normalized.PLO5S Normalized.CLOS X X.1
202 2005 Cindy LA 1 320,000,000 320,000,000 320,000,000 NA NA
203 2005 Dennis FL 3 2,230,000,000 2,230,000,000 2,230,000,000 NA NA
204 2005 Katrina LA,MS 3 81,000,000,000 81,000,000,000 &1,000,000,000 NA NA
205 2005 ophelia NC 1 1,600,000,000 1,600,000,000 1,600,000,000 NA NA
206 2005 Rita ™ 3 10,000,000,000 10,000,000,000 10,000,000,000 NA NA
207 2005 wilma FL 3 20,600,000,000 20,500,000,000 20,500,000,000 NA NA
[1] zo07 9
Year Hurricane.Description State Category Base.Economic.Damage Normalized.PLOS Normalized.CLOS
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207 Hurricanes, Normalized Costs: 1900 - 2005

Normalized Costs
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Frequency of Hurricanes: 1900 - 2005

E
T 1| i [ ] I\l\ [ ‘ | ‘ ‘ [L]] L \I\\!\ | [ | |
1900 1920 1940 1960 1980 2000
Time (Years)
[1] 1.95283
call: glm{formula = frequency ~ years, family = poisson(link = "didentity"),

data = StormDamageData, start = Im(frequency ~ years, data = StormbDamageData)$coefficients)

coefficients:
(Intercept) Years
-48.69248 0.02594

Degrees of Freedom: 105 Total (i.e. Null); 104 Residual
Null Deviance: 143
Residual Deviance: 105.1 AIC: 342




call:

data = StormDamageData)

Coefficients:

{(Intercept) years
-27.86036 0.01446
Degrees of Freedom: 105 Total (i.e. Null); 104 Residual
Null Dewviance: 143
Residual Deviance: 104.7 AIC: 341.7

glm(formula = frequency ~ years, family = poisson(link = "log"),

frequency

No. of Major Hurricanes Predicted for 2014

1900 1920 1940 1960 1980 2000

years

2020




1 2 3 4 5 [ 7 8 9 10 11
0.7185495 0.7290154 0.7396337 0.7504067 0.7613365 0.7724256 0.7836762 0.7950907 0.8066714 0.8184208 0.8303413
12 13 14 15 16 17 18 19 20 21 22
0.8424355 0.8547058 0.8671549 0.8797852 0.8925995 0.9056005 0.9187908 0.9321733 0.9457507 0.9595258 0.9735015
23 24 25 26 27 28 29 30 31 32 33
0.9876809 1.0020667 1.0166621 1.0314701 1.0464937 1.0617362 1.0772007 1.0928905 1.1088087 1.1249588 1.1413442
34 35 36 37 38 39 40 41 42 43 44
1.1579682 1.1748343 1.1919461 1.2093072 1.2269211 1.2447915 1.2629223 1.2813171 1.2999798 1.3189144 1.33B1248
45 46 7 48 49 50 51 52 53 54 55
1.3576149 1.3773890 1.3974511 1.4178053 1.4384561 1.4594076 1.4806643 1.5022306 1.5241110 1.5463101 1.56B88326
56 57 58 59 60 61 62 63 64 65 66
1.5916830 1.6148664 1.6383874 1.6622509 1.6864621 1.7110259 1.7359475 1.7612320 1.7868849 1.8129114 1.8393170
67 68 69 70 71 72 7 74 75 76 77
1.8661071 1.8932875 1.9208638 1.9488417 1.9772272 2.0060260 2.0352444 2.0648B83 2.0949640 2.1254777 2.1564359
7 79 80 81 82 83 84 85 86 87 88
2.1B78450 2.2197116 2.2520423 2.2848440 2.3181234 2.3518875 2.3B61434 2.4208983 2.4561594 2.4919340 2.52B82298
89 90 91 92 93 94 95 96 97 98 99
2.5650541 2.6024149 2.6403198 2.6787768 2.7177940 2.7573794 2.7975414 2.8382B884 2.B796289 2.9215715 2.9641250
100 101 102 103 104 105 106 107 108 109 110
3.0072984 3.0511005 3.0955407 3.1406281 3.1863723 3.2327827 3.2798691 3.3276413 3.3761094 3.4252833 3.4751736
111 112 113 114 115 116 117 118 119 120 121
3.5257905 3.5771446 3.6292468 3.6B821078 3.7357387 3.7901508 3.8453554 3.9013641 3.95818B86 4.0158408 4.0743326
122 123 124 125 126 127 128 129 130 131 132
4.1336765 4.1938846 4.2549698 4.3169446 4.3798221 4.4436155 4.5083380 4.5740033 4.6406249 4.7082170 4.7767935
133 134 135 136 137 138 139 140 141
4.B463688 4.9169576 4.9885745 5.0612345 5.1349528 5.2097449 5.2856263 5.3626129 5.4407209
No. of Major Hurricanes Predicted for 2014
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1 2 3 4 5 3] 7 8 9 10 11
0.3316616 0.3576003 0.3835390 0.4094777 0.4354164 0.4613551 0.4872938 0.5132325 0.5391711 0.5651098 0.5910485
12 13 14 15 16 7 18 19 20 21 22
0. 6169872 0.6429259 0.6688646 0.6948033 0.7207420 0.7466807 0.7726194 0.7985581 0.8244968 0.8504355 0.8763742
23 24 25 26 27 28 29 30 31 32 33
0.9023129 0.9282516 0.9541903 0.9801290 1.0060677 1.0320064 1.0579451 1.0838E838 1.1098225 1.1357612 1.1616999
34 35 36 37 38 39 40 41 42 43 44
1.1876386 1.2135773 1.2395160 1.2654547 1.2913934 1.3173321 1.3432708 1.3692095 1.3951482 1.4210869 1.4470256
45 46 47 48 49 50 51 52 53 54 55
1.4729643 1.4989030 1.5248417 1.5507804 1.5767191 1.6026578 1.6285965 1.6545352 1.6804739 1.7064126 1.7323513
56 7 58 59 a0 61 62 63 64 65 66
1.7582900 1.7842287 1.8101673 1.8361060 1.8620447 1.8879834 1.9139221 1.9398608 1.9657995 1.9917382 2.0176769
67 68 69 70 71 7 73 74 75 76 77
2.0436156 2.0695543 2.0954930 2.1214317 2.1473704 2.1733091 2.1992478 2.2251865 2.2511252 2.2770639 2.3030026
78 79 80 81 82 83 84 85 f:157 87 88
2.3289413 2.3548B800 2.3B0B187 2.4067574 2.4326961 2.4586348 2.4B845735 2.5105122 2.5364509 2.5623896 2.5883283
o a0 91 92 93 94 a5 96 97 98 99
2.6142670 2.6402057 2.6661444 2,6920831 2.7180218 2.7439605 2.7698992 2.7958379 2.B217766 2.8477153 2.8736540
100 101 102 103 104 105 106 107 108 109 110
2. 8995927 2.9255314 2.9514701 2.9774088 3.0033475 3.0292862 3.0552249 3.0811636 3.1071022 3.1330409 3.1589796
111 112 113 114 115 116 117 118 119 120 121
3.1849183 3.2108570 3.2367957 3.2627344 3.2BB6731 3.3146118 3.3405505 3.3664B892 3.3924279 3.4183666 3.4443053
122 123 124 125 126 127 128 129 130 131 132
3.4702440 3.4961827 3.5221214 3.5480601 3.5739988 3.5999375 3.6258762 3.6518149 3.6777536 3.7036923 3.7296310
133 134 135 136 137 138 139 140 141
3.7555697 3.7815084 3.8074471 3.8333858 3.8593245 3.B8852632 3.9112019 3.9371406 3.9630793
No. of Major Hurricanes Predicted for 2014
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No. of Major Hurricanes Predicted for 2014
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Order Stafistics
X beta
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Chapter 14: Case Study - Forecast of
Electricity Consumption

Classes ‘data.table’ and 'data.frame’': 70080 obs. of 5 variables:

$ date_time: posIxct, format:

$ value
$ week : chr
$ date : Date, format:
$ type : chr
- attr(*,

"2012-01-02 00:00:00"

:onum 1590 1564 1560 1585 1604 ...
"Monday” "Monday" "Monday"” "Monday" ..

"2012-01-02" "2012-01-02"

"2012-01-02 00:30:00"

"2012-01-02 01:00:00"

"2012-01-02" "2012-01-02" ...
: "commercial Property"” "Commercial Property” "Commercial Property” "Commercial
".internal.selfref")=<externalptr>

"2012-01-02 01:30:00"

Property” ...

date_time
00:00:00
00:30:00
01:00:00
01:30:00
02:00:00
02:30:00

2012-01-02
2012-01-02
2012-01-02
2012-01-02
2012-01-02
2012-01-02

[= B, I R WU N

value

1590,
1563.
1559,
1584,
1604,
1566.

210
914
671
281
582

week
Monday
Monday
Monday
Monday
Monday
Monday

date
2012-01-02
2012-01-02
2012-01-02
2012-01-02
2012-01-02
2012-01-02

Commercial
Commercial
Commercial
Commercial
Commercial
Commercial

Type
Property
Property
Property
Property
Property
Property

Electricity Consumption - Industry
5000~
5000-
4000~
3000~
2000~

1000-
3000 -

2000 -

1000 -

Load (kW)

2500

2000 -

1500 -

8000

6000 -

4000 -

2000
Jan 2012

Apr 2012

Jul 2012
Date

Oct 2012

Jan 2013

sBeiojs 7 sajes pooy uopeanpg fuadoid jepsuiuos

fewsnpul wbry




date_time value  week date type
1: 2012-01-02 00:00:00 1590.210 Monday 2012-01-02 commercial Property
2: 2012-01-02 00:30:00 1563.772 Monday 2012-01-02 Commercial Property
3: 2012-01-02 01:00:00 1559.914 monday 2012-01-02 Commercial Property
4: 2012-01-02 01:30:00 1584.671 Monday 2012-01-02 Commercial Property
5: 2012-01-02 02:00:00 1604.281 monday 2012-01-02 Commercial Property
70076: 2012-12-31 21:30:00 3548.279 monday 2012-12-31 Light Industrial
70O0O77: 2012-12-31 22:00:00 3488.161 Monday 2012-12-31 Light Industrial
70078: 2012-12-31 22:30:00 3510.200 monday 2012-12-31 Light Industrial
70079: 2012-12-31 23:00:00 3533.678 mMonday 2012-12-31 Light Industrial
70080: 2012-12-31 23:30:00 3414.966 mMonday 2012-12-31 Light Industrial
date_time value  week date type week_num
1: 2012-01-02 00:00:00 1590.210 Monday 2012-01-02 Commercial Property 2
2: 2012-01-02 00:30:00 1363.772 Monday 2012-01-02 Commercial Property 2
3: 2012-01-02 01:00:00 1559.914 mMonday 2012-01-02 Commercial Property 2
4: 2012-01-02 01:30:00 1584.671 Monday 2012-01-02 Commercial Property 2
5: 2012-01-02 02:00:00 1604, 281 monday 2012-01-02 Commercial Property 2
70076: 2012-12-31 21:30:00 3548.279 mMonday 2012-12-31 Light Industrial 2
7OO77: 2012-12-31 22:00:00 3488.161 Monday 2012-12-31 Light Industrial 2
7O078&: 2012-12-31 22:30:00 3510.200 mMonday 2012-12-31 Light Industrial 2
70079: 2012-12-31 23:00:00 3533.678 Monday 2012-12-31 Light Industrial 2
7008B0: 2012-12-31 23:30:00 3414.966 Monday 2012-12-31 Light Industrial 2
[1] "commercial Property” "Education” "Food Sales & storage” "Light Industrial”
date_time value  week date type week_num
1: 2012-02-27 00:00:00 652.0693 Monday 2012-02-27 Education 2
2: 2012-02-27 00:30:00 646.6226 Monday 2012-02-27 Education 2
3: 2012-02-27 01:00:00 658. 3790 Monday 2012-02-27 Education 2
4: 2012-02-27 01:30:00 669.0898 Monday 2012-02-27 Education 2
5: 2012-02-27 02:00:00 &675.9707 Monday 2012-02-27 Education 2
668: 2012-03-11 21:30:00 514.5865 sunday 2012-03-11 Education 4
669: 2012-03-11 22:00:00 505.0426 sunday 2012-03-11 Education 4
670: 2012-03-11 22:30:00 508.6684 sunday 2012-03-11 Education 4
671: 2012-03-11 23:00:00 511.6602 sunday 2012-03-11 Education 4
672: 2012-03-11 23:30:00 522.0277 sunday 2012-03-11 Education 4




Regression Analysis - Education Buildings

2000 -

1500 -

g
Feb 27 g:tiﬁ Mar 12

Load Daily weekly
1: 652.0693 1 2
2. 646.6226 2 2
3: 658,3790 3 2
4: 669.0898 4 2
5: 675.9707 5 2
668: 5314.5865 44 4
669: 305.0426 45 4
670: 508. 6684 46 4
671: 511.6602 7 4
672: 322.0277 48 4

call:

Im{formula = Load ~ 0O + .

coefficients:

Dailyl
964 .46
Dailyl3
712.85
Daily25
1319.01
Daily37
1573.42
weekly2
100.99

Daily2 Daily3

925. 54 874.87
pailyld Dpailyls

712.02 724.55
Daily26 Daily27
1458.93 1555.40
Daily38 Daily39
1540.26 1514.78
wWeekly3 weeklyd
-516.80 -539.96

data = matrix_train)

Dailyd
842,27
pailylé
729.186
Daily28
1603.95
Daily40
1487.84
weeklys
54.58

Dailys
821.33
pailyl?
729.94
Daily29
1623. 88
Daily4l
1427.99
weeklyé
86.11

Dailyé
799.04
Dailyls
732.19
Daily30
1628.66
Daily42
1334.33
weekly7
61.52

Daily?
767.56
pDailyl9
750.64
Daily31
1637.48
Daily43
1239.45

Daily8
737.28
Daily20
760.74
Daily32
1658. 36
Daily44
1172.62

Daily9
722.42
Daily21
798.12
Daily33
1657.23
Daily45s
1108. 44

Dailyl0

715.04
Daily22

839.97
Daily34
1653.48
Dailyds
1073.54

Dailyll

708.85
paily23
1006.45
Daily35s
1654.59
Daily47
1013.76

Dailyl2

709,57
paily24
1171.81
Daily36
1623.13
Daily48

973.76




call:
ITm{formula = Load ~ O +

Residuals:
Min 10 Median
-561.87 -149.34 -15.13

coefficients:

., data = matrix_train)

181.

3Q
13

Max

7 7

L

i

Estimate 5td. Error © value Pri=|t|)

Dailyl 064.486 71.40 13.508 « Ze-1b ®¥¥
Daily2 825. 54 71.40 12.963 « Ze-1g ®w¥
Daily3 B74.87 71.40 12.253 « Ze-16 ®w¥
Dailyd 84227 71.40 11.797 <= Ze-16 =##
Daily5s §21.33 71.40 11.503 <= Ze-16 =%=
Dailya 799.04 71.40 11.191 = Ze-16 =#=
Daily? 767.56 71.40 10,7530 =< 2e-1g #%*
Daily8 737,28 71.40 10.326 =« Ze-16 =¥%
Daily9 722.42 71.40 10.118 « Ze-16 ®##
Dailyl0 715.04 71.40 10.015 « Ze-16 ®#¥
Dailyll JOB. 85 71.40 9.928 « Ze-1p #w¥
Dailyl2 709.57 71.40 9.938 <« Ze-1p =%#
Dailyl3 712,85 71.40 9.984 <« Ze-1g =%®
Dailyld 712.02 71.40 9.972 <= Ze-1g =%¥
Dailyls 724,55 71.40 10,148 <= 2e-16 #=#%*
Dailylé 729.186 71.40 10.212 =« Ze-1b6 =¥%
Dailyl? 729.94 71.40 10.223 « Ze-16 ®¥¥
Dailyls 732.19 71.40 10.255 « Ze-16 ®%¥
Dailyl9 750,84 71.40 10.513 « Ze-16 ®w%
Daily20 7a0.74 71.40 10.855 <= Ze-16 =#=
Daily21 798.12 71.40 11.178 <= Ze-16 =%*
Daily22 £39.97 71.40 11.764 = Ze-16 =¥#
Daily23 1006.45 71.40 14,096 < 2e-16 =%*
Daily24 1171.81 71.40 16.412 <« Ze-16 =¥%
Signif. codes: 0 °“#%%' Q0,001 “**' 0.01 *#" 0.05 *." 0.1 * " 1

Residual standard error: 251.9 on 618 degrees of freedom
Multiple R-squared: 0.9547,
F-statistic: 241.3 on %4 and 618 DF,

Adjusted R-squared: 0.9508
p-value: < 2.2e-16

[1] "R-squared: 0.955 , p-value of F test:

0"




value
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(S5 I SR W N I ]

1340: 632,
1341: 568.
1342: 533.
1343: 473,
1344: 433,
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6226
3790
0898
arov

6548
4755
5817
8017
7951

2012-02-27
2012-02-27
2012-02-27
2012-02-27
2012-02-27

2012-03-11
2012-03-11
2012-03-11
2012-03-11
2012-03-11

date_time
00:
0o0:
01:
ol
02:

21:
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22
23:
23

00:
30:
0o0:
30:
00:

30:
00:
30:
0o0:
30:

0o
0o
0o
00
0o

0o
0o
0o
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H
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Fitted values vs Residuals
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call:
Im{formula =

coefficients:

Load ~ 0 + Daily + weekly + Daily:weekly, data = matrix_train)

Dailyl Daily2 Daily3 Daily4 Dailys Dailyé Daily?
963. 6868 910.1281 8§32.4827 767.9888 746. 0964 709.4052 646, 7310
Dailys Daily9 pailylo pailyll pailylz2 pailyl3 pailyld
607.0952 593.1229 579.3818 571.4749 77.7818 575.1910 576.0727
Dailyls Dailylé Dailyl? pailyls pailyl9 paily20 paily2l
590. 8817 596. 6877 599.9783 596.8332 605. 5058 617.2628 683.2319
Daily22 paily23 paily24 paily2s paily2é paily27 Daily28
742.3322 951.77586 1158.7365 1339.7397 1530. 8187 1680.5525 1772.6732
Daily29 Daily30 Daily3l Daily32 Daily33 Daily34 Daily3s
1812.0905 1827.877 1834.1506 1869.0104 1875.9046 1860.0126 1846.6024
Daily36 Daily37 Daily3s Daily39 Daily40 Dailydl Dailyd2
1789.6251 1731.6673 1682.2293 1586.0122 1571. 6402 1496. 8899 1358.2929
Daily43 Daily44 Daily45 Dailydé Dailyd? Daily48 weekly2
1245.7848 1166.1215 1091.9825 1066.7010 997.4765 955.2032 -355.3522
weekly3 weeklyd weeklys weeklyé weekly? Daily2 :weekly2 Daily3:weekly2
-42.9479 -383.8207 -47.4477 43.1739 38.2679 46.9318 138.6611
Dailyd:weekly2 DailyS:weekly2 Daily6:weekly2 Daily7:weekly2 Daily8:weekly2 Daily9:weekly2 Dailyl0:weekly2
211.0272 238.7233 273.2973 342.3193 382.9568 393.0218 420.0024
Dailyll:weekly2 Dailyl2:weekly2z Dailyl3:weekly2 Dailyld:weekly2 DailylS:weekly2 bDailyl6:weekly2 Dailyl7:weekly2
433.0777 432.5059 439.6293 428.7760 429, 8100 424.0835 4292114
Dailyl8:weekly2 Dailyl9:weekly2 Daily20:weekly2 Daily2l:weekly2 Daily22:wWeekly2 Daily23:weekly2 Daily24:weekly2
441.2555 483, B489 480, 4588 450.5552 461.8552 547.1952 614.2202
Daily25:weekly?2 Daily26:weekly?2 Daily27:weekly?2 Daily28:weekly?2 Daily29:weekly?2 Daily30:weekly2 Daily31:weekly2
635.9273 645. 8638 629.4519 538.6554 531.7929 506. 9881 510. 5959
Daily32:weekly2 Daily33:weekly2 Daily34:weekly2 Daily35:weekly2 Daily36:weekly2 Daily37:weekly2 Daily38:weekly?2
516.8237 507.8630 524.8920 514.2203% 531.7239 513.5249 515. 8282
Daily39:weekly2 Daily40:weekly2z Daily4l:weekly2 Daily42:weekly2 Daily43:weekly2 Dailyd4:weekly2 Daily45:weekly2
603.7991 572.5889 557.3761 561.1792 551.5947 539.1175 529.6320
Daily46:weekly2 Daily47:weeklyz Daily48:weekly2 Daily2:weekly3 Daily3:weekly3 Daily4 :weekly3 paily5:weekly3
491.0887 477.7638 443. 8735 5.5692 10.2973 32.1318 312. 9816
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Residuals
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date_time
2012-02-27 00:00:00
2012-02-27 00:30:00
2012-02-27 01:00:00
2012-02-27 01:30:00
2012-02-27 02:00:00

2012-03-11 21:30:00
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Fitted values vs Residuals

.
“ . M
100- .
o .
¢ e .
.
¢ 3
.
. .
.
s0- + + . $
. . .t . 0
. . . 4.
¢ . .
s N o ©
+ .
- - +e o .
0 H - * * st .
© L) . M M “ *
E] . .
+ s 4 DI
B G ¥ ¥ L
.
* . . " ooe, .
- » +* .
5 .
.
o I . P
. .
.
. . . LIS
- . .
- o C %
. .
*e
.
. . ¢
..
° .
.
-100 T .
.
500 1000 2000
Fitted_values
Normal Q-Q
o
5-
@
@
S
o
@
@
14
B o-
N
2
&
b
g
)
7]
2-
-
=
L
= [}

0
Theoretical Quantiles

[1] 50




[1] 15.651678 11.885790 13.711592 7.216850 5.261544 8.074024 6.046631 5.175804 10.175650 6.573435 7.249069 5.189729
[13] 3.966611 3.537241 4.517766 4.259040 3.865752 4.564565 4.540562 14.533468 7.091113 6.321064 10.747477 B.175696
[25] 12.011780 10.181759 9.469939 5,571468 6.054342 5.065741 5.013238 7.510948 4,157744 15.843159 §.724484 7,609050
[37] 3.712756 3.912121 5.448236 3.866538 3.244851 6.641563 B8.244843 $§.190629 18.194939 6.481096 6.339300 B.457155
[49] 11.176872 15.880014
[1] 10.084345 8.452523 8.100982 10.779631 12.290251 13.748548 13.185274 B8.708880 13.608198 7.976265 7.786389 22.951015
[13] 12.754905 11.052129 5.62477 6.243265 4.557871 7.842977 5.464003 9.951756 13.658921 11.57177 7.876418 10.951769
[25] 10.921287 8.672482 7.639304 10.006915 9.030679 6.077076 9.848483 6.445102 14,021887 14.064280 13.624932 9.057978
[37 4276840 5.329250 11.452156 13.313456 9.835459 11.187358 12.744013 9.460053 34.312551 13.113285 12.155385 8.036420
[49] 10.614472 51.54177
[1] 1.3494435 1.6115792 1.1212235 1.2100342 1.0249229 0.9645256 0.9538736 1.6206521 3.3962925 2.3641598 1.3481740 1.5083682
[13] 1.8310301 5.B8381717 1.8980476 1.3625701 2.3412257 2.3754512 2.8773237 3.1063138 2.9674816 2.5777905 4.1572684 3.8093668
[25] 3.5908706 4.2735190 2.3578053 4.5968416 4.0791122 7.9821166 3.2058152 5.3319568 3.2213241 2.92B83188 2.6655705 4.72B0836
[37] 5.4562748 2.B417542 ©6.4128534 2.9900441 3.5614321 4.6741020 3.9244749 3.3571312 1.9261284 2.6419782 2.4853783 2.7261717
[49] 2.3941716 6.1437349
[1] 8.647721 7.375660 5.463200 7.180215 6.029445 5.736619 B8.209645 10.220787 8.049561 7.831923 5.942506 7.537182
[13] 5.957011 5.871259 5.924100 7.175428 7.107502 6.602283 5.144848 13.114200 7.087625 9.881252 5.949965 5.529862
[25] 12.620649 11.001515 8.630602 5.249746 5.037242 4.541921 6.132860 11.573741 10.771706 21.248055 9.164510 15.612347
[37] 9.994092 7.129103 8.642347 5.765497 7.846388 13.715063 9.045185 10.814154 29,.182009 12.573626 12.319590 5.138492
[49] 6.550366 35.256450

Forecast of MLR (Commercial Property). week: 45; MAPE: 18.19%
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Forecast of MLR (Education); week: 22; MAPE: 11.57%
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Forecast of MLR (Education); week: 42; MAPE: 11.19%
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Forecast of MLR (Light Industrial), week: 29; MAPE: 5.04%
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