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Canadian Hockey

Kids trained early; Leagues tor age groups

Most talented get on Major Jr A league team& compete for
Memorial Cup

What makes a top-notch hockey playere
Soccer, Baseball, Cricket, Swimming, Gymnastics



OUTLIERS

matured. We all know that successful people come from
hardy seeds. But do we know enough about the sunlight
that warmed them, the soil in which they put down the
roots, and the rabbits and lumberjacks they were lucky
enough to avoid? This is not a book about tall trees. It’s a
book about forests—and hockey is a good place to start
because the explanation for who gets to the top of the
hockey world is a lot more interesting and complicated
than it looks. In fact, it’s downright peculiar.
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No. Name Pos. L/R Height Weight Birth Date  Hometown

22 TylerEnnis C L 59" 160 Oct.6,1989 Edmonton,
AB

23 Jordan C R
Hickmott

6.

183

Apr. 11,1990 Mission, BC

25 JakubRumpel RW R 58" 166 Jan.27,1987 Hrnciarovce,
SLO
28 Bretton C R 51" 168  Jan.26,1989 Didsbury, AB
Cameron
36 ChrisStevens LW L 510" 197 Aug. 20, 1986 Dawson
Creeck, BC
3 GordBaldwinD L 6'5" 205 Mar.1,1987 Winnipeg, MB
4 David D L 61" 195 May7 1987 Edmonton,
Schlemko AB
5 TreverGlass D L ¢ 190  Jan.22,1988 Cochrane, AB
10 KrisRussell D L 510" 177 May 2,1987 Caroline, AB
18 MichaelSauer D R 63" 205  Aug 71987 Sartell, MN
24 Mark D R ¢ 183 Jan.31,1989 Abbotsford,
Isherwood BC
27 ShayneBrownD L 61" 198  Feb. 20,1989 Stony Plain,
AB
29 Jordan D R 63 230  Feb.9,1988 Leduc, AB
Bendfeld
31 RyanHolfeld G L 511" 166  Jun.29,1989 LeRoy,SK
33 MattKeetley G R 62" 189  Apr.27,1986 Medicine Hat,



CAP 5510 / CGS 5166

No. Player Birth Date Position
1 Marcel Gecov Jan. 1,1988 MF
2 Ludek Frydrych Jan. 3,1987 GK
3 Petr Janda Jan. 5, 1987 MF
4 Jakub Dohnalek Jan. 12, 1988 DF
5 Jakub Mares Jan. 26, 1987 MF
“ Michal Held Jan. 27,1987 DF
7 Marek Strestik Feb. 1, 1987 FW
8 Jiri Valenta Feb. 14, 1988 MF
4 Jan Simunek Feb. 20, 1987 DF
10  Tomas Oklestek Feb. 21,1987 MF
11 LubosKalouda Feb. 21, 1987 MF
12 Radek Petr Feb. 24, 1987 GK
13 Ondrej Mazuch Mar. 15, 1989 DF
14  Ondrej Kudela Mar. 26, 1987 MF
15 Marek Suchy Mar. 29, 1988 DF
16  Martin Fenin Apr. 16, 1987 FW
17 Tomas Pekhart May 26, 1989 FW
18 Lukas Kuban Jun.22,1987 DF
19  Tomas Cihlar Jun. 24,1987 DF
20  Tomas Frystak Aug. 18, 1987 GK
21 Tomas Micola Sep. 26, 1988 MF

11/6/19



Canadian Hockey Players

Cutoff birthdate is the key
Only accept kids who are not yet 10 on Jan 1
January Kids matured almost one extra year over December kids



Detecting Outliers

One SD variation should cover 68.3% in normal distribution
Two SDs should cover 95.4% in normal distribution

Visual detection o o
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Harder in multivariate case. Whye

Q May be univariate or multivariate outlier
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CAP 5510 / CGS 5166 Figure 4.10 Two outligrs; one univariate and one bivarizte. 11/6/19



Multivariate Qutliers

Some outliers are hard 1o detect
Look for large values of

D (x; — X)'S7'(x; — X).



Xnk

np

p variables
n items/samples



Sample Covariance & Correlation

The sample covariance
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Sample means

| Sample variances S
and covariances ”
Sample correlations R




Outlier detection

Dot plots for each variable
Scatter plot for each pair of variables
Calculate z-values and examine for outliers

ik = (xjk - fk)/\/~a

Calculate gen sq distances & look for outliers

(x; — X)'S7'(x; — x).



Spotting outliers from z-values

X X2 X3 X4 Xs 4 %) 43 24 s
1631 1528 1452 1559 1602 06  —.15 05 28 -.12
1770 1677 1707 1738 1785 64 43 107 94 60
1376 1190 723 1285 2791 -1.01 -147 -287 -.73
1705 1577 1332 1703 1664 37 04 -—43 81 .13
1643 1535 1510 1494 1582 11 -2 28 04 20
1567 1510 1301 1405 1553 -21 -22 -56 -28 -.31
1528 1591 1714 1685 1698 —.38 10 110 75 26
1803 1826 1748 2746 1764 78 101 123 52
1587 1554 1352 1554 1551 -13 -05 -35 26 -32




Spotting
outliers
from Gen.
Distance

values

TABLE 4.4 FOUR MEASUREMENTS OF STIFFNESS WITH STANDARDIZED VALUES

Obscrvation no

.

0 X X3 Xy 2 22 2_'{ R
1889 1651 1561 1778 1 -1 -2 2 2 A0
2403 2048 2087 2197 2 15 9 1.9 1.5 5.48
2119 1700 1815 2222 3 7 2 10 15 7.62
1645 1627 1110 7533 4 8 4 13 6 $21
1976 1616 1614 1883 5 2 3 3 5 1.40)
1712 1712 1439 1546 A —6 -1 -2 -6 222
1943 1685 1271 1671 7 1 -2 =1 -2 4.99
2104 1820 1717 1874 s 6 2 7 5 1.49
2983 2794 2412 2581 G 3.3 213 3.0 27 Q235
1745 1600 1384 1508 10 -5 -3 -4 -7 77
1710 1591 1518 1667 11 -6 -3 0 -2 1.93
Zah 1907 1627 1898 12 4 3 4 5 46
134) 1841 1595 1741 12 -2 3 3 U 2,70
1867 1685 1493 1678 14 -1 -2 =1 -1 13
1859 1646 1389 1714 15 -1 -3 -4 -0 1.08
1954 2149 1180 1281 16 1 1.2 1.1 14 685
1325 1170 1002 1176 17 18 1§ 17 17 3,50
1419 1371 1252 1308 18 15 12 R 1.3 359
1828 1624 1602 1755 19 -3 -4 3 1 1.34
1725 1594 1313 14464 20 -6 -3 -6 ~2 1.46
2276 2186 1547 2111 21 1.1 14 1 1.2 0.91)
1399 1614 1422 1477 23 - -4 =3 -8 306
1633 1513 12%0 1516 23 -8 -7 =7 -6 KD
2061 1867 1646 2037 24 5 4 5 1.0 2.54
1856 1493 1356 1533 23 -2 -§ =5 -6 4,58
1727 1412 1238 1469 26 -6 -11 -9 -8 3,40)
2168 1896 1701 1834 27 8 5 6 3 2,38
1655 1675 1414 1597 28 -8 -2 =3 —4 3,00
2326 2301 2065 2234 29 1.3 1.7 1.8 1.6 6.28
1290 1382 1214 1284 30 -13 -12 -10 -14 2.58



Harder to
spot them
on scatter
plots!

CAP 5510 / CGS 5166
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Other Transforms for Normoli’ry

HEI.PFUL TRANSFORMATIONS TO NEAR NORMALITY
Ongmal Scale Transformed Scale AT

1‘ C"“’“S‘J’ ": \/; AR
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TABLE 1.9 NATIONAL TRACK RECORDS FOR WCMEN
' M 20m  &0m sim 180w 3000m Marathon

Country s} (s) (s) (min) (min) (min) (min)

Argenina 1161 2294 S430 215 443 979 17asz '| 8

Australia 11.20 2238 S108 198 413 pULiS 15237

At 11.45 25.00 Sa62 1909 422 934 15957

Delgium 1141 2304 S200 200 1414 883 15735

Hermuda 11.an 2305 S350 2.6 S8 251 16998

liraal 11.31 2317 £2.30 2.10 449 977 16375

Burmu 121 2457 S5AM0 2.8 445 Y51 10102

Canada 1Lon 222s 5006 200 406 881 135.45 TABLE 1.9 NATIONAL TRACK RECORDS FOR WOMEN

Chile 1200 2452 5490 208 423 937 17138 Wom 20m  40m BN 1500 30w Marathon

(hina ) 11.95 24.a1 5497 203 ERY Q3] 1A% A% CO‘lll'ltl'y ITS] lsj (5] {mm] imin) (min) [min)

Colombiy 1160 24.00 S32h 211 4135 045 165 42

Conk Tslands 12,90 2710 140 230 454 11.10 23322 New Zealand 1155 23,12 51.60 202 418 87 14548

Costa Rica 1196 2460 3825 221 $68 10,43 71.80 Narwny 1188 2331 s3120 20 a.m 853 145.48

Czechoslovakia 1oy 147 el 1849 433 N2 15645 DPapua Now Guinca 1225 257 SHAN 224 444 1064 23300

Dienmark 1142 2332 S350 203 4,15 871 151.75 Philippines 1176 2334 S4.80 219 4.50 10.16 200,37

Domenian Repeklhe 1179 2405 5608 224 474 989 20353 Palamd 1113 2221 <929 1.95 3.99 897 160,52

Cinland 11,13 12,30 &0.14 205 4,20 3,092 15423 Portugal 1187 2922 sS4 204 416 H.Ha 15720

France 1115 2259 5173 20 414 308 15527 Rumania 1144 2346 5120 192 3.96 833 165,45

German Demneratic Singapore 1230 2540 SHR 212 a4.52 5.54 182.77
Republic 1621 217 4R.1h 1.43 350 375 157.6% Spain 1150 23R 5354 208 41« g2 162.60

Federal Republic Swadan 1116 2282 S1.79 202 4.12 28R4 15448
ol Gurimany 1101 12,30 2473 145 403 239 148.53 Switzarland 1145 234 331 2002 4.7 w77 153,42

Ciresit Bolann amd Tadwin 1122 2262 S2.50 210 .38 363 17757
Northern Ireland g 2213 S 153 203 3.62 14572 Thailand 1175 24406 SSED 220 4.72 10.28 168,45

Groces: 1179 24.08 S4.93 207 <8 287 182.20 Turkoy 1198 2644 Shas 215 a7 49,58 200008

Ol lemals 11.84 24.54 Se09 228 +.86 1054 21508 USA, 10,70 2183 A2 1.95 395 .50 14272

Hungiry 1145 2306 5151 n 414 EAEN 150.37 USSR, 11.06 229 1919 1.80 3.87 L.as 151.22

India 1195 24.28 5160 2.10 232 4.98 186.03 Woestern Snmoa 12.74 2548 UK 233 581 1304 306,00

e . 2 A 3

}::::::a 1. '} 55} i‘:i: f:l z iﬁ; :?} lgga 32;?‘5 Suurce: LAASATES Track andd Fiold Staonzicy Heaabook for the 1089 Las Angelvs Wmpice,

Israel 1145 1357 54,90 2.1 425 4537 160,48

Italy 1129 2300 20 1.%4% 398 263 151.82

Tapan 1173 2400 527 209 438 220 150.50

Kenya 1173 2348 5271 200 4.1s o920 181008

Korez 1198 2449 3570 2.15 4,42 462 164.65

Daomocratic Peoplu'’s
Rapublic of Karen 1225 25.78 S0 1.67 42¢ 4.35 17917

Luxcmboug 1203 24.96 56,10 207 4,58 .64 174,04

Malawysz 1223 it 3304 213 41.69 10.16 18217

Maruritivs 1176 AR RE | .27 4.79 10,490 261013

CAP 5510 / CGS 51Mexico 11849 2AR2 ALTH 104 a.2s 4.54 15851 11/6/19

Nethorlaeds 1135 .81 52.38 104 <00 unl 152 4%




Hypotheslis
Testing



https://365datascience.com/wp-content/uploads/2019/05/365-Data-Science_Hypothesis-Testing-Cheat-Sheet.pdf
https://365datascience.com/wp-content/uploads/2019/05/365-Data-Science_Hypothesis-Testing-Cheat-Sheet.pdf
https://365datascience.com/wp-content/uploads/2019/05/365-Data-Science_Hypothesis-Testing-Cheat-Sheet.pdf
https://365datascience.com/wp-content/uploads/2019/05/365-Data-Science_Hypothesis-Testing-Cheat-Sheet.pdf

Regression
ANalysis

Giri Narasimhan

FORM OF PREDICTIVE MODELLING
A DEPENDENT (TARGET) AND

INDEPENDENT VARIABLE
(S) (PREDICTOR).

USED FOR FORECASTING, TIME SERIES
MODELLING AND FINDING CAUSAL
EFFECT RELATIONSHIP

E.Q., relationship between driver age
and # of road accidents by driver

6/26/18




Regression  [EPEEECRIEPRieR) 023D

Analysis n(Zx%) - (Ex)?
n(2xy) — (2x)2y)

n(Cx?) - Cx)?

Evaluate model using R-squared measure

MSE(model)

2
=1
i MSE(baseline)




Logistic Regression

Logistic regression used to find probability of
event=Success and event=Failure

Use logistic regression when dependent variable is
binary (0/ 1, True/ False, Yes/ No)

widely used for classification problems



Other types of regression

Non-linear/polynomial regression
Stepwise

Ridge

Lasso

ElasticNet


https://www.analyticsvidhya.com/blog/2015/08/comprehensive-guide-regression/
https://www.analyticsvidhya.com/blog/2015/08/comprehensive-guide-regression/

