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Difficulty of a ski tour
Why is it important?
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Difficulty of a ski tour
Why is it important?

The Dilemma of Goal Setting with Incomplete Information
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Why is it important?
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Difficulty of a ski tour
Why is it important?

Yearly official alpine accident statistics:
~70 fatalities of ~400 severe avalanche

accidents
~25 fatalities of ~1000 severe ski tour

accidents (non-avalanche)

The Dilemma of Goal Setting with Incomplete Information
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Knowledge of a tour’s difficulties is important for
Better tour preparation, reduction of accidents and fatalities

Yearly official alpine accident statistics:
~70 fatalities of ~400 severe avalanche

accidents
~25 fatalities of ~1000 severe ski tour

accidents (non-avalanche)
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Difficulty Challenge

The Dilemma of Goal Setting with Incomplete Information

Skill

DIFFICULTY = f(SlopeAngle, SpeedMax, Curvature, Forestation, ....)
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Dependent Variable: Difficulty
N=1307 Swiss Ski Tours,

Published in Swiss ski touring literature:

=== i = | §DIFFICULTY DIFFICULTY LABEL
: 1 Easy
2 Easy (+)

3 Less Difficult(-)
4 Less Difficult
5 Less Difficult (+)

6 Quite Difficult (-)
7 Quite Difficult
8 Quite Difficult (+)

9 Difficult (-)
10 Difficult
11 Difficult {+)

12 Very Difficult (-)
13 Very Difficult
14 Very Difficult (+)

15 Extremely Difficult (-)
16 Extremely Difficult
17 Extremely Difficult (+)

18 Extremely Difficult
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Main criteria for the SAC difficulty scale

steepness, exposure to fall down, space conditions
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“steepness: slope angle
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exposure to fall: speed max  space conditions: corridor width
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target variable / dependent variable
ski tour difficulty from SAC literature
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Data preparation: from properties to prediction features

N=1307 Swiss tours, ~9.3 mill. track meters
Local properties along each Track: Properties:

e R L -SlopeAngle (x,y) ,steepness”
-SpeedMax (x,y) ,,exposure to fall“
-Width (x,y) ,space conditions”
-Forestation (x,y)

-Curvature (x,y)

-Fold (x,y)

-Risk(x,y):=SlopeAngle (x,y)*SpeedMax (x,y)

Predicted Probabilities for Accident=1 Predicted Accident Severity
With 85% Confidence Limits
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Data preparation
from local track properties to unique tour features
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Data preparation
from local track properties to unique tour features

lllustrative example of a local property along tours in ascent
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Local track properties of fours processed: Risk, Slope Angle, SpeedMax, Acceleration, Forestation, Curvature, Width,...
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Data preparation
from local track properties to unique tour features
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Data preparation
from local track properties to unique tour features

TourAscent Descending
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Data preparation
from local track properties to unique tour features
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Data preparation
from local track properties to unique tour features

TourAscent Descending
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Data preparation
from local track properties to unique tour features

TourAscent Descending
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Data preparation
from local track properties to unique tour features

TourAscent Descending Top 595
e
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Data preparation
from local track properties to unique tour features

TourAscent Descending Top 595 Overlay
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Data preparation
from local track properties to unique tour features

TourAscent Descending Top 595 Overlay N=12
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Local track properties of tours processed: Risk, Slope Angle, SpeedMax, Acceleralion, Forestation, Curvature, Width, ...
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Data preparation
from local track properties to unique tour features

TourAscent Descending Top 595 Overlay N=12
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Data preparation
from local track properties to unique tour features
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Data preparation
from local track properties to unique tour features

TourAscent Descending Top 595 Overlay N=12 Top 595 Feature
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Data preparation
from local track properties to unique tour features

TourAscent Descending Overlay N=12 N=1307 Top 535 Feature
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How to find good segmentation parameters: Top, Binl, Bin2
JJrial and Error” minimizing Mean Absolute Prediction Error MAE

Optimal quantile regression model with best segmentation parameter TOP, BIN1, BIN2 (out of 5000 trials)
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Sample of original local properties along the tour track

ID_Long
1000_Sagliains_PizZadrell
1000_Sagliains_PizZadrell
1000_Sagliains_PizZadrell
1000_Sagliains_PizZadrell
1000_Sagliains_PizZadrell
1000_Sagliains_PizZadrell
1000_5agliains_PizZadrell
1000_Sagliains_PizZadrell
1000_Sagliains_PizZadrell
1000_Sagliains_PizZadrell
1000_5agliains_PizZadrell
1000_Sagliains_PizZadrell
1000_Sagliains_PizZadrell
1000_Sagliains_PizZadrell
1000_Sagliains_PizZadrell
1000_Sagliains_PizZadrell
1000_Sagliains_PizZadrell
1000_Sagliains_PizZadrell
1000_Sagliains_PizZadrell
1000_Sagliains_PizZadrell
1000_Sagliains_PizZadrell
1000_5agliains_PizZadrell
1000_Sagliains_PizZadrell
1000_Sagliains_PizZadre

from 7 properties to 107 , best” features
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SCCELM_L Meter_Ski
ACCELM_M_Meter_Ski
ACCELM_H_Matar_Ski
ACCELM_L_Metar_Foot
ACCELM M Meter_ Foa
SCCELM_H_Mater_Foot
SAC_val

Metar

Mods

Chullyer_code
Cutlyer_Cormmant
ACCELS L Matar_Ski
ACCELS_M_Mater_Ski
ACCELS H Mater Ski

Final list of prediction feature candidates

VARNUM  NAME

; 35 ACCELS L Meter_Faot
37 ACCELS M Metar Foot
38 ACCELS_H_Mstar_Foot
3| CURVN_L Meter_Ski
40 CURVN_M_Meier_SHi
41 CURVN_H_Mastar_SK
42 CURVN_L_Mater_Foot
43 CURVK_M_Mster_Fool
49 CURVN_H_Mster Foot
45 CURVP_L Meler Ski
45 | CURNP_M_Matar_SK|
47 CURVP_H_Matar_Ski
48 | CURVP_L_Meter Foal
43 CURVP_M_ Meter_Foot
51 CURVP_H_Meter Fool
51 FOLDN_L_Meter_Ski
52 | FOLDN_M_Meter_ Sk
53 FOLDM_H_Meter_Ski
54 FOLDALL_Meter_Fact
E5  FOLDM_M_Metar Foat
55 FOLDM_H_Meter_Fool
&7 FOLDP L Meler_S#l
58 FOLDP_M Meler_Ski
53 FOLDP_H_Matar_SH
Bl FOLDP_L_Meter_Foot
Bl FOLDP_M Meter_Faot
B2 FOLDE H_Meter Fool
53 FOREST_L_Meter_Ski
B4 | FOREST_M_Mster_Ski
65 | FOREST_H_Meler_Ski
55 FOREST L Mewer Foal
67 | FOREST_M_Meler Foat
63 FOREST_H_Mater_Foot
69 FORESTSLOPE_L Meter_Ski
70 FORESTSLOPE_M_Metsr_Ski
71 FORESTSLOPE H Meter Sk
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VARNUM  NAME

72 FORESTSLOPE_L_Meter_Foal
73 FORESTSLOPE_M_Mater_Foot
74 FORESTSLOPE_H_Mater_Foat
75 RISK_L Meter Sk
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18 RISK_L_Mater_Foot
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S SLOFE_M Meter_Foot
86 SLOFE_H_Mater_Faot
B7  SPEEDM_L_Meter Sk
B4 SPEEDM M _Mater Ski
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102 WIDTH_L Meter_Foot
103 WIDITH_ 4 Meter_Faot
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WS Author_Gr_Bias

106 | SelectionProt

167 | Samglngieight

Counting your
steps like the
fitness app of
your smart
phone

1133+ o v -

M

Activity

MOVE
Goal
350

AEEREEN

S 1AM

AEENER

Add to Favorites

Data Sources & Access




L

o

Risk

RISK_L_Meter_Ski

Slope

SLOPE_L_Meter_Ski

" Em Max 595 1M Max 748

801 Mean 80 £ 60 - Mean 45

w0 —— E 40 - StdDev 137

20 | & 20 —|

S T TR T I T T T R TIE  E  ET W S Y o R R e T W W T T T TN
| CH | D 00 0000

RISK_M_Meter_Ski SLOPE_M_Meter_Ski

”'i Mex 585 40 - Max 748

20 - Mean 241 30 Mean 242

= | StdDev 209 EZU StdDev 250
e o 5 e e s s s I | [

o- 0- ——c—T—T1T{ L 1 [ 1 1—1
| N 0 AE U811 R R 1 O L 0 W 1 W ® | LT KL O L A M A SRR W0 W 1 |

[ 1L93 [ I £#3
RISK_H_Meter_Ski SLOPE_H_Meter_Ski

T Max 505 20 Max 748 1

20 | Mean 274 E A0 Mean 482

10 | StdDev 242 § 20 - StdDev 287
| 10

LI T T T T e T O | B 0158 001 (010 RSN 11
|l—| 1 [&] ) £ 1 ]

= e

Percent
oB8888

11

17T WETTNTT AN N

SpeedM
SPEEDM_L_Meter_Ski

Max 1055
Mean 78
StdDev 205

NEIER 8007 BORE WisE

SPEEDM_M_Meter_Ski

EZU-
n_ﬂ!—

Max 1055
Mean 408
StdDev 347

SPEEDM_H_Meter_Ski

20 -

Percent

10 -

1055

Max
Mean 560
StdDev 387

| AN R A A1 AMANAA 210 611 (L AR 1 LN Wnl

| &3 1




What predictive modeling approach did we take?
Machine Learning vs. Statistical Model

Parantie: Extrotes

~~~~~~~ . =" -,
.~ == Using99 features
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Data Science Pilot Action

Data for THIS
business problem
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Data Science Pilot Action
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What predictive modeling approach did we take?
Machine Learning vs. Statistical Model

Patarnsier Eafroies
B0

Using 99 features

Using 4 features
Accuracy: 1.05 (MAE)

Accuracy: 1.11 (MAE)
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What Results did we get?
Transparency, Interpretability, Deployability outweighted Accuracy

SAS Viya

-Transparency
-Interpretability,
-Deployability

-with only 4 features
Accuracy: 1.11 (MAE)

99 features
Accuracy: 1.05 (MAE) Gt
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Variable selection with quantile regression
For median of difficulty

The HPQUANTSELECT Procedure
Quantile Level = 0.5

Selection Summary Fit Statistics Prediction Error
Effect Number Objective Function T25.08515 Error Measures g
Step | Entered Effects In AlC SBC B 1307 2
R1 0.40396 = —
0 | Intercept 1 855716 -180.3961 0% Y mae 111
. MARE 1.09,
1] RISK JH_Meter_Ski 2 9846951 [ -o743442| AdiR1 0.40028 - .
2| SLOPE H_Meter_Foot 3 12169940 -12014675 AIC -1522.17042 ARE<=2 9% § b
- ARE==3 8% =2 B
3 Aut BVS 4 12469930 -12262911  AICC -1522 03163 5 20% 7 pRE<=t  99% [T
4 Aut BEW 5 -1277.7180 -1251.8405  SBC -1475.59101 o
&
5] SLOPE_H_Meter_Ski 6 -1307.293% -1276.2410 AcL 065477 £ ;i
6| SLOPE JM_Meter_Ski 7 -1484.6233 -1448.3949 10% - =
7 Aut Tl 8 -1510.2989 -1468.8950 3 £
I:q Y
8 Aut BEE 9 -1522.1704* | -1475.5910* £ # O — £ 2 =
o _iié’. I
Frequency 3 T 3T 130 281 400 270 13B 45 11 3 2
. -— * T T T T T T T T T T
Risk:=SlopeAngle*SpeedMax 5 43 2 101 2 3 45 6
Rounded Ermor
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Method: Quantile Regression - PROC HPQUANTSELECT

Parameter Estimates Prediction Error Misclassification Matrix
Error Measures e = = ] G I | 50
Parameter Estimate StdEmr | tValue N 1307 -1 1 alg5lalalq
I | I I % | MaE 141 ] —
Intercept | 0.8583% 009135 940 il s 10 1|2 (18] 14]10] 3 3|
Aut_TI 081293 010582 763 ARE=-1  T1% " 3 3|ol26[11|5]3 w0
i ! ARE==2 0% £ = — =t -
Aut BEE 080018 026636 313 ARE=s3 % R & B 1]9 (3355|244 |4
i £ 2% | jpEeas oow =
Aut_BEW DE78E1 016198 357 g g T [5]1]1] £
I | | | 5
Aut BUS 100000 019M5 517 ks # g 5 1 -0 3
RISK H Meter Ski 0.00418 0.0002401 | 17.41 - £ = 3 1)1]
SLOPE_M_Meter_S5ki 0.00415 00001890 21.94 " 4 2 5
1 | | | £ % 3. B
SLOPE_H_Meter_5ki 0.00488 00007937 2521 - o o —
; £ = ] |_| = &4 23 |15] 9 |2] 3
SLOPE_H_Meter Foot 001041 00007811 1333 o |2l [ = e
Frequency | 3 7 37 130 201 490 270 138 48 11 3 2 12z :‘? 21] 5 2| ; , .
£ 4 3 2 1 0 1 2 3 4 5 6 i1 2 3 4 5 68 7 8 B 10 11 12
Rounded Error Predicied Cificulty
Four out of 12 selected author dummy variables
g : MR CRuis Pareto Plot of Absolute R det Prediction Error ARE Missclassification Contour Plot
— i 12
e =1 &0
o CumPet 2 .
. 0% T a5
] £
! s | 5 &0
00 05 10 g 5 @
Estimate § § E £ e
8 g N 3 £
& 20% E £ 03
Psrameter Esti with 95% Confidence Limits E
RISK_H_Meter_Siki | || (5]
10% — &
SLOPE_N_Meter_Ski— |+ o 20
F
. sy | S
SLOPE_H_Metar_Ski- 1 - i ]
_H_Matar_ i — = 0
SLOPE_H_Meter Faot- : —f—— € Frequency | 400 531 288 B2 18 6 2 A = i)
0.004 0008 D.008 9.070 2012 ] 1 2 3 4 5 € 1 2 3 4 ) € 7 8 2 10 11 12
Fatimate Absolute Rounded Error ARE Predicied Dificulty
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Significant author dummy variables

Systematic Overrating vs Underrating bias detected for difficulty

Errar Measuras

ey ) e NS H
M 1 % 45 e Szt NG S ADIFFICULTY
e ST ,\/'g" 1
hME & FRVD Alpes fnbourgeo:ses etvaudoises (F) sent 2
Freiburger und Waadtlander Alpen (D) &°
BEW BemelAIpé_’nWest_(D)
MARE . BEE Berner Alpen O 3
£ . BVS Bas-Valais (F) Hobgant i Aletbre 1 /1) 4 @ a
ARE 1 ?.1 % Parameter Estimate StdErr | tValue | ¢ OVS Oberwallis (D) Faloh Serreqg Dl Aricat y U A .
Intercept 0.85899 0.09135  9.40 2571, Zentralschweiz
ARE 2 % 3 GL Glarus - St. G?II
= gz Aut_TI 081293 010582 768 ~/ GRN Nordbinden (D
GRS ‘Sadbunden (D) 6
ARE gﬂ'}'i: Aut_BEE -0.80018 @ 025536 -3.13 7
v 3 Aut_BEW -057861 016198 -357 8
ARE==4 OO0, AutBYS -1.00000  0.19346 517 9
10
Parameter Estimates with 95% Confidence Limits 11
Intercept - e
12
Aut_TI 13
Aut_BEE - 14
Aut_BEW } + | 15
16
Aut_BVS | —————
T T T T T 17
-1.5 -1.0 0.5 0.0 0.5 1.0
Estimate 4\ @ P : 18
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Method: Quantile Regression - PROC HPQUANTSELECT

Parameter Estimates Prediction Error Misclassification Matrix
Error Measures e = = ] G I | 50
Parameter Estimate StdEmr | tValue N 1307 -1 1 alg5lalalq
| . | | s x:B
Intercept | 085398 003135 940 i b i 1[2[18[1e]10] 3] 3]
Aut_TI 081293 010582 763 ARE=-1  T1% " 3 3|ol26[11|5]3 w0
i ! ARE==2 0% £ = — =t -
Aut BEE 080ME 026636 313 ARE=s3 % R & B 19 |30|55|24|4 |4
i E 2% | fpEe—t 0ou =
Aut BEW 067861 016198 | 357 g %‘ 7 [5]1]1] £
. | | | g Z I
Aut BVS 4.00000 01935 547 ks # 5 6 1 ©3
RISK H Meter Ski 0.00418 0.0002401 17.41 - £ = 51 |8 1)1]
SLOPE_ M Meter Ski | 000415 00001890 21.94 . 4 I i
. | | | % ¢ s I
SLOPE_H_Meter_Ski | 000488 00001937 2521 s 2 A i (]« |
| o | |_| s 8 & 23 (5] 9 19| 3
SLOPE_H_Meter Foot 001047 00007811 1333 % - 1 /a = - i ey
Frequency | 3 7 37 130 201 490 270 138 48 11 3 2 12z :‘? 21] 5 2| ; , .
£ 4 3 2 1 0 1 2 3 4 5 6 i1 2 3 4 5 68 7 8 B 10 11 12
Rounded Emor Predicied Cificulty
~ i tour feat derived from local track rti
Selected four out of ~20 000 ski tour features derived from local track properties
g : MR CRuis Pareto Plot of Absolute R det Prediction Error ARE Missclassification Contour Plot
Intercept —— 12
) h H
Aut_TI —— g £O
stk BEE - 40% 7 CumPet s
Aur_BEW - I S S, g
D e — 200 B E €0
-8 -0 a5 an 05 in s 55 @
= £ [:
Esimate g Z o g €
& 20% E £ 03
Parameter Esti with 95% Confidence Limits E 2
RISK_H_Meter_Siki | || @
10% — &
SLOPE_N_Meter_Ski— |+ o 20
F
el ERE
SLOPE_H_Metar_Ski- 1 - i ]
_H_Matar_ i — = 0
SLOPE_H_Meter Faot- : —f—— € Frequency | 400 531 288 B2 18 6 2 A = i)
0.004 0008 D.008 9.070 2012 ] 1 2 3 4 5 € 1 2 3 4 ) € 7 8 2 10 11 12
Fatimais Absolute Rounded Error ARE Predicied Dificulty
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Model deployment to expand services of skitourenguru.ch
to 4 neighboring countries with ~10 000 additional unrated ski tours

\& SKITOURENGURU
Parameter Estimate StdErr | tWalue

P_Difficulty=0.859+( 418*RISK_H_Meter_Ski Intercept 0.85899 009135  9.40
+ 415*Slope_M_Meter_Ski
+ 488*Slope_H_ Meter_Ski

KSK_H_Meter_Ski 0.00418 0.0002401  17.41
5/ OPE_M_Meter_Ski | 0.00415 0.0001880  21.94
0.00488 0.0001937 2521

UAE

Cijon

Milan

......
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East Alps =2
Model Deployment Kawrue o ol °

What's Skitourenguru

Skitourenguru supports you in the selection and planning of a

suitable ski tour with low avalanche risk. For this purpose,

s ke Skitourenguru assigns daily an avalanche risk to thousands of
- ski tours in the alpine region:

and Integration nelstad

)

Stratbourg
Routhngen

reibueg im

Bfeisom Symbol Values Avalanche risk
slzbych /f"""'\*—"""’\ﬂf/'\/#v el A 0-1 Low inche risk

T N v 1-2 Elevated avalanche risk
=] 2-3 High avalanche risk

In addition Skitourenguru marks static route cruxes with grey

= -
(\J“V ' rings:
= Symbol Class Meaning
O 1 Avalanche terrain
(o] 2 Typical avalanche terrain
Moy @ 3 Very typical avalanche terrain

SLOVENIA On site and in the individual slope usually information becomes
Ljubljana accessible that is not available to Skitourenguru. The
information presented on Skitourenguru is subject to
Zagret uncertainties (see Handbook). Therefore Skitourenguru must
not be the only criterion to access a slope.

Milan

P Choose a region
CROATIX Region State Edition  Valid
M oo Switzerland On 17.30h 16.4.2021-17.00h
e Fetrara
EasiAlps On 18.20h 16.4.2021-18.00h
Modena Boloona
' e France Test 16300 16.42021-18.00h
|l
vdar Nathwest-italy Test 16.30h 16.4.2021-16.00h
in; Mari Notheast-ltaly Test 17300 16.4.2021-16.00h
f rere
Monac Livarme A ona =
Partners

SR, Skitourenguru is supported among others by the following

— parine
H P Type here to search i ' R, 5 B U s ¢




Off course, skitourenguru does not exempt you from
applying the recommended avalanche and risk assessment strategies

3. EINZELHANG berl : P 013 R Lozt LAl Vorsteliung = Realitit? Laufend beobachten, allenfalis Planung revidieren
BEURTEILUNGS- UND ENTSCHEIDUNGSRAHMEN 3X3 Verhsltnisse e b
1. PLANUNG Tourenziel mit Alternativen und Zeitplan : *— :l:* 1 ‘ _*_
Verhaltnisse 3 v * o
* * ovinaprctene m Sihon _ _
o u;" 5 (Gruppe. Alanmzelchen :u_chln . m rn Schilsselstellen -
Py Lawinensituatior gunstig)
. W stg? oo cinzein murm mogliche .“"“""“5...
 Sicht * Hanggrésse fahren, anhalten auf ssicheren « Trifit Lawlnenbulietin zu?
« Haufig befahren * Magliche Konsequenzen / Inseins) « Aktuelles Wetter, Tendenz -mmspmnmm -Zﬂplanmﬂmdﬂ
« Andere Gefahren (Gletscher, 0 * Kommunikation « Sicht
te etc) * Spuranlage * Fishrung / Disziplin I.I illl IIGIﬂliﬂi'ﬂ! A
« Feadbackkultur pflegen
L i ] * Gruppendynamische
3 Stimmen die bish h cheld I I '
> mitder Realltit im Hang (berein? Einzelhang ‘
2 moglich?
g Wie? = Was ist das Hauptproblem heuts? Entscheid
= = Wie gravierend ist es?
= Wo Ist es vorhanden? Welche Route?

Reflexlon Erhhrunu efv.nnem
fick

mac nm’ 3 Go/Go here JIGED]

Meteogram - 5 days - Nebelhorn

Nebelhorn,
ATAZN 39VE 22z asl) meteoblue

g iy b jvic ]

. s
06 32 18 Toe 06 12 I8 Wed OF 13 18 Thu 06 12 18 W 00 12 18 Sat 0K (CEST)

)




Predicted Probabilities for Accident=1 Predicted Accident Severity

Takeaways: Difficulty ~

o

. . o 0.0 - 0., 00 n I
What did we achieve? o e
SkpeAngle Q 10 20 30 40
o Observed Predicted Speed
DIFFICULTY DIFFICULTY LABEL
1 Easy
2 Easy (+)
« We are proposing a new definition of difficulty metric derived from interaction of two local track 3| Lese Difficult(.)
properties: slope angel and speed of falling acting as proxies for accident probability and severity :tessgi:iw::( ]
+ Overall, this metric is consistent with the unique human and cultural expertise published in the 6 Quite Difficult (-)
extensive SAC ski touring literature from which our model was trained. e it
« The discretionary range of the SAC methodology and prediction error margin is in the range of 1.1 D kade [
10 Difficult
to 1.8 levels of the 18-step SAC difficulty scale (i.e. “+” or “-”) 11 pifficult (+)
« An additional advantage of this methodology is its independent from prevailing weather and snow 2 :223:::2:::”
conditions at the moment of manual rating. 14 Very Difficult (+)
H . . . . . H . H . 15 Extremely Difficult (-)
«  We still have ongoing discussions with incorporation of the foot section in this model. " ExtremeI:Dif'ficult
17 Extremely Difficult (+)
« The model provides the basis for fast and automatic bulk scoring prediction for up to ~10000 tours !
18 Extremely Difficult

throughout the alps in AT, DE, IT, FR. It will support the expansion of Skitourenguru’s services.
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Gunter Schmudlach, Skitourenguru GmbH, Zirich CH

www.skitourenguru.ch

The planning platform helps you to choose &
_mmmmmull hwumhmﬁ.}

Thank you for your attention. And don’t forget: Always put safety first



Example SAS Hackathon 2023

Productivity, Speed,
Fast, Reliable, Trustworthy , Fair Results without Bias

1415 Persons Registered

SAS Global Hackathon, Industry

registration,

March - August NS e~ fugist 140 Organizations
E ™
</> i
) ONE month hack 104 Teams to start
Kick off and 4}

e 74 Countries
j i ™

SAS Hackathons Sprints

530 Active ,,Hackers”
72" Teams Complete

30 Calender Days

19 Workdays



https://sasoffice365-my.sharepoint.com/:v:/r/personal/ulrich_reincke_sas_com/Documents/Recordings/MIH_Mobility%20Insights%20HD_Jury.mp4?csf=1&web=1&e=5ZzpLA
https://sasoffice365-my.sharepoint.com/:v:/r/personal/ulrich_reincke_sas_com/Documents/Recordings/MIH_Mobility%20Insights%20HD_Jury.mp4?csf=1&web=1&e=5ZzpLA
https://communities.sas.com/t5/SAS-Hackathon-Team-Profiles-Past/Data-Science-in-Search-for-Best-Predictions-of-Ski-Tour/ta-p/730682

Outlyer list with absolute prediction error gt 3.5

Type=0verrating
id_long Difficulty | P | E SACO | Outlyer Comment | StartEle | StopEle  Ele | RISK_H_Meter Ski SLOPE_H Meter_Ski = SLOPE_M Meter_Ski | SLOPE_H Meter_Foot
1258_Hasen_Gotterli 1 4 Z5 449 1394 945 0 745 0 0
171_Cons_PizTerri 7 11 -4 GRN 1468 3146 1739 595 748 0 360
564 Kiiblis_Chriiz 1 5 -4 GRN | Different Route 809 2130 1384 157 372 376 0
255_Furggels_Stelli 1 5 -4 GRM | Manual Underrat 1198 2047 976 147 643 105 0
912_Mihlebach_Armergale 1 5 -4 VSE | Different Route 1232 2621 1391 169 629 1% 0
387_MittlerRossfal_Hochalp 1, 5 4 GL Compromise 899 1527 650 234 264 434 0
535 _Ladstafel Mittaghorn 5 9 4 VSE 1924 3004 1080 595 748 0 220
358 Latsch_Cuolmdalatsch 1 6 -5 GRS | Roadabove 1600 1609 2294 686 244 748 0 0
1035_HospizSimplonp_MonteLeone 5 10 5 VSE 1998 3548 | 1657 508 698 50 2590
1466_Sufers_VizanPintg 1 6 -5 GRN | Roadabove 1600 1413 2513 1120 423 748 0 0
Type=Underrating
id_long Difficulty | P | E | SACO OQutlyer_Comment | StartEle | StopEle | Ele RISK_H_Meter_Ski | SLOPE_H_Meter_Ski = SLOPE_M_Meter_Ski SLOPE_H_Meter_Foot
903 MayensdeMérib_PointedeVouasso 12 6 6 BVS 1728 3481 | 1755 595 748 0 0
367_ZurEich_GrosBrun 12 6 6 BEW Compromise 951 2098 1147 595 748 0 0
1231_Engi_Gufelstock 1M1)6 5| 6GL Compromise 812 2434 1622 260 748 0 0
706_ChantSura_PizRadont 10 5 5 GRS  Other Ski Depot 2330 3086 | 751 28 120 147 300
407_Urnerboden_Lackistock |6 5 ZS Compromise 1376 2483 | 107 455 697 51 0
725 _Dirrboden_Leidhorn 9 5 4 GRS Compromise 2006 2930 925 150 292 456 0
507_H.d'Allieres_VanildesArtses 11| 7 4 FRV  Other Ski Depot 1006 1966 | 980 127 0 707 250
613_Diavolezza_PizCambrena 1|7 4| GRS 2578 3595 | 855 595 748 0 0
736_Brigels_Bifertenstock 1|7 4| GRN 1285 3416 | 2173 595 748 0 0
818_Jochstock ReissendNollen M| 7 4|Z8 2508 3002 493 595 748 0 0
886_LeFlon_Chambairy 10 6 4 BVS 1046 2198 | 1151 595 748 0 0
916_BourgSt.Berna_MontVélan 10 6 4 BVS 1916 3721 1805 595 748 0 0
1448 _Minster HejiZwidchte 9 54 BEE Compromise 1387 3083 1696 323 748 0 0
1236_Elm_Griienenspitz 9/ 5/4| GL Other Ski Depot 960 2354 | 1394 94 316 432 60
1227_Horb_Frimsel M7 4/ 6GL Cther Ski Depot 887 2261 1374 22 13 635 300
591_Tschlin_Muttler 8 44 GRS  OCther Ski Depot 1533 3290 1758 44 22 726 30
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Prediction Residuals / Error
Test for normality (N=1307)

Distribution of Error Kolmogorov's D Statistic HNmonorou D) Sase
04 1.0 The UNIVARIATE Procedure
: z Fitted Normal Distribution for Error
._".1:- o8 Goodness-of-Fit Tests for Normal Distribution
0.3 - — E Test . Statistic p Value
o L E 08 Kolmogorov-Smimoyv | D 0.03076938 Pr=D 0.168
._E I:IE_ ’ Cramer-von Mises W-Sq 0.33496573 Pr>W-Sq 0.110
E‘ 02 — g 04 AndersonDarling | A-Sq | 176279181 Pr>A-Sq  0.126
& o Kolmogorov's D Statistic
1 =
=
0.1- : - g 02 ;
U L
! 0.03077
0.0 -
L L R 1 |
0.0 ~l=—=x B m— T T |\ S TR PR TR FIIE | Kolmogorov D
2 4 -3 -2 1901 2 3 4 5 6 Ak Aol =k 0 sk 20 F e 3 Error Value Low High
Error | |
Error D. | -0232248 00269607 03917368 04186975
Curve —Ca BN D+ 02099216 0.03077 05400028 05707728
—— Mormal{Mu=0.0648 Sigma=1.44886) O- —

&
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Target Variable Difficulty
Test for normality (N=1307)

Distribution of Difficulty

0.20

0.15 -

0.10

Froportion

0.05 -

/

0.00 -

A

/1S

0.8

0.6

04

0.2

Cumulative Probability

0.0 -

1T 2 3 4 5

€ 7 8 9 1011 12
Difficulty

Curve

— MomaliMu=5.5547 Sigma=2.3186)

Kolmogorov's D Statistic

EFEdSEFNANEE
1 23 4 5 6 7 8 9101112
Difficulty
CDFY ECDFY

— —

Kolmogorov's D Statistic

The UNIVARIATE Procedure
Fitted Normal Distribution for Difficulty (diff)
Goodness-of-Fit Tests for Normal Distribution
Test Statistic
Kolmogorov-Smirnov D 00956892 Pr>D <0.001
W-Sq| 20483810 Pr>W-Sq <0.001
A-Sq ‘ 118013910 Pr> A.Sq ‘ <0.001

p Value

Cramer-von Mises

Anderson-Darling

Kolmogorov's D Statistic

D
00956892

Kolmogorov D
X | Value Low High |
D- - 5 | 00902327 - 0_315225'!. 0 4054584
| .D+ " 5 | 0.0956892 - 0.4054584 | 0.5011477 -
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Data preparation: from properties to features

Hiustrative example of local property along tour tracks

TourAscent Descending Top 535 Overlay N=12 N=1307 Top 595 Feature
Mt \ | | . l e H M S
B o 508
w ™ R r
— f
" g | —
[ 451 149
'M-_.______ =R
[ 70 421 108
3 e —_—
= ¥ e _ Bin2 Bin2
A ——
g \M‘.'IMII%I \ 293
2 S = [
2 \ I"‘-u—-—.____‘___"
1 D - =
=
®
Hlow || IS E. B — -
Bin1 Bin1
g I e L ‘___ﬁ‘_ Sl
I b ™~ . an
e — -\\_______
){Jﬁrﬂ M!' \ ' 187
I
2 420
- — ¥ e
k aQ 146
ﬁ-‘—!——‘
- T T T —_— — I
0 6000 12000 0 6000 12000 0 200 400 600 0 200 400 600 0 4 8 01234 0 200 400 60D 0 600
Tour Meter Rank Meter Rank Meter Rank Meter Percent Percent Rank Meter Meter

Local track properties of tours processed: Risk, Slope Angle, SpeedMax, Acceleralion, Forestation, Curvature, Width, ... -
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