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Abstract. Snow avalanches are the primary mountain hazard for mechanized skiing operations. Helicopter and snowcat ski
guides are tasked with finding safe terrain to provide guests with enjoyable skiing impadedtand highly dynamic and
complex decision envirgnent. Based on years of experience, ski guides have established systematic dealsiogn
practices that streamline the process and limit the potential negative infldricas pressure and emotional investment.
While this expertisés shared within guiding teantsrough mentorship, the current lack of a quantitative description of the
process prevents the development of decision thigiscould strengthen the proce3® address this knowledge gap, we
collaborated with guides at Canadian Mountain Holidays (CMH) Galena Lodg&logueand analyze their decisianaking
procesdor the dailyrun list, where they code runs as green (open for guiding), red (closed), or black (not considered) before
heading into the fieldTo capture theeatworld decisionmaking process, whrst built the structure of the decisianaking
processwith input from guides, and then usadvide range of available relevatataindicative ofrun characteristi; current
conditions, and prior run list decisionsdieate the features of the mod#lge employedhree differenmodelling approaches

to capture the run list decisianaking processBayesian Network, Random Forest, and Extreme Gradient BooStiey.

overall accuraciesf the models ar84.6%, 91.9 %, and 93.3%espectivelycompared t@ testing dataset obughly 20,000
observed run code$he insightof our analysiprovide a baseline fahe development oéffectivedecisionsupporttoolsfor
backcountry avalanche risk managemtirat can offer independent perspectives on operational terrain choices based on

historic patterns or as a training tool for newer guides.
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1 Introduction

Snow avalanches are a complex and dynamic natural hazard, responsible for an average of approximately 140 recorde
fatalities annually in North America and Eusg€olorado Avalanche Information Center, 2024; Jamieson et al., 2010; Techel
et al., 2016)The majority otheseavalanchdatalities ardbackcountry recreationistand the avalanche is commonly triggered

by a member of (Schheierand titséchgnd08Temwam selegtion is the primary tool for managing avalanche
risk when travelling in the backcountrx wide range of factors need to be considered to select appropriate terrain, including
current avalanche conditions, slope incline, forest density, aspect, elevation, and potential for overhead hazardsagsterrain
The dynamic nature of avalanche hazard conditions and sheer number of influences on avalanche/teitginzardnake
choosing appropriate terrain challenging.

Due to the complexity of the terrain selection process, theréoisgestandingdesire toprovide recreationists wittecision

making aidgor making better informed decisieabout when and where to travel in theckcountryEarly tools such as the
seminalGraphical ReductiodMethod (Munter, 1997) the StopOr-Go method(Larcher, 1999)the SnowCardEngler and
Mersch, 2001)the NivoTes{Bolognesi, 200Q)or theAvaluator (Haegeli, 2010; Haegeli and McCammon, 20pi)vided

users with relatively simpj@analog workfloveto combine information on conditions (mainly represented by the danger rating
published by an avalanche warning service) with terrain information (primarily slope incline) to assess the severignif diffe
routes. Current trip planning tools such as WhiteRistpé://whiterisk.ch/or Skitourenguruhttps://www.skitourenguru.ch/

are modern incarnations of the original approaches that take advantage of recent developments in avalanche téngin model
to describe the severity of avalanche terrain in more dethile these toolgan beeffective for general recreationistsne

key challege for developing more advanced decisimaking aidss the scale mismatch whe&mmbining public avalanche

danger ratings witkerrain information It is the combination othis scale mismatch arideFtheir-simplicityef current toolé

~—particularly-theifocus on the public avalanche danger ratimgt limits their valuefor more complex decisiemaking
contextssuch as professional gung) or advancedhmateurecreationln the case of mechanized ski guiding in Candla,
decisionmaking process includes an added layer of operational consideyatiaals furtherincrease complexity.

Based on decades of practical experience, thehamizedkiing industry has developedstructured and iterative process to
select terrain that is appropriate for skiing on a daily b@siaelson, 2015)The decisiormaking process consists of four
major components. Firgjuides assess current avalanche hazard conditions and produce an avalanche forecast that is relevar

for the entire guiding tenure. Second, they create a ruelisticdon a predéned inventory of skiable terrain within the tenure

which determines whichki runswithin-their-tenureareavailable for guiding based on the current conditions. Based on the
run list and operational conditions for the dayg., weather conditions, snow quality, skills and preferences of guests, flying
logistics),the third step is selecting which ski runs will be used for the day, which is carried out by lead guides in collaboration

with the guiding team. The selection of ski runs is an ongoing process throughout the day which can be altered by changin

avalanche or weather conditions. Finaltyany ski runs contain multiple ski linesan-be-skied-in—a—variety-of-waydth
2
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differentterrain characteristics arekposure to avalanche hadalt is the responsibility of theujde of each group teelect

an appropriatski line based on evaluation of slope scale avalanche conditions, ski quality, and operational considerations.
The practice of creating a daily run list helps guiding teams to get on the same page for the day and establisheteatiist of p
terrain that has been deemed appropri at e operofor guidinggreehay 6 s
conditionallyopen for guiding (yellow)closedfor guiding(red), or notconsideredtflack). A conditionally open run indicase

that aspecific condition must be met prior to opening the run which is often determine based on field obseBlatkns.

codesessentiallyrepresent nowlecisions(i.e., default) describing the situation when guides do not think the run is worth
discussing during theileughly-15minuterun coding meeting. The reasons for not discussing aayrinclude insufficient

snow coverage on a run, the run being too far away givewrurrent flying conditions, the terrain being obviously too
hazardous to consider férecurrent conditions, or too much uncertainty for making an informed decision. Hence, the causes
of a run not being codedearly differ from a run being coded red versusgrdem. addi t i on, refgrencedand 6 p ¢
biases can impact whether a run is coded as bléekprocess afodingrunsduring the morning meetingrior to going skiing

gives the opportunity for aonsensudaseddecision process and helps limit emotional and time pressures that can impact

decisionmaking in the fieldHeliCat Canada, the association of mechanized skiing operations in Canada, identifies daily run

lists as acrucial componentind industry standardf avalanche risk management practi¢eleliCat Canada, 2024)n
mechanized guiding operations snow avalanches account for 77% of the overall risk of death and the avalanche fatality rate |
approximately 1 fatality in 100,000 skier daygalcher et al., 2019)

Quantitativelydescribingthe run list coding process a waythat provides insight and offers added value for participating

operationsequiressophisticatednodelapproacksthat can consideéhewiderangeof relevantfactorsand capture the nuanced
nature of theselecisions Prior research has used regressionlysisanaly®s as—a-methodor capturing decisiomaking
processe¢Sterchi et al., 2019; Thumlert and Haegeli, 201@)ich assumes that the decision to open or close a run can be
represented as a linear combination of factors. These approaches prsatiddtarting poins for capturing the complexity

of guiding decisions but are limited by the modelling meth&isely datadriven machine learning methgdsich as using
self-organizing maps for grouping runs based on run code pat®tershi and Haegeli, 201,%)ave also shown promise but
are prone to detecting spurious relationships, and the black box nature of the algorithmthemaldifficult to understand

and trust.

Recent dvances in artificial intelligence and machine learning Hadeto the development of a wide range of different
algorithms which show promise footh examining guide decisions in more sophisticated waysleweloping meaningful
operationadecisionsupporttools Bayesian networks (BN) offer an attractive alternative to the existing methods due to their
ability to use expert knowledge to model complex decision procéSsaton and Neil, 2019Pecision tree base methods,
such as Random ForegRF) and ExtremeGradientBoosting (XGB), are also attractive for modelling complex decision

making tasks due to their ability to automaticalycount for complexelationships within the data aioeir track record of

3



producing accurate predictions in a variety of modelling dom@nsiman, 2001; Chen and Guestrin, 2018)rthermore,
improvement of methods for interpreting the output of machine learning models has led to a greater ability to understand wha
95 is going on under the hood of black box models, whitdkesthem more transparent amés the potential tamprove

trustworthiness in implementing these tools in operational seftivigmar, 2022)
The objective of this papds to examine andlescribe the run list coding process at a mechanized skiing opersithgnBN,
RF, and XGB approachesd discuss their potential for the design of operational decision supporfototile mechanized
skiing industry We explore the factors that influence run list decisions and the relationships within the d®eikiog

100 process. Thempiricalfoundation of thelecisioamaking modelss based oseverseasons of operational déténter 2015/16
- winter 2022/23ps well as high resolution avalanche terrain modelling. Watestomparéheperformance of the decision
making models as predictive to@sd use interpretable machine learning methods to understand the inner workings of the
black box modelsThe insights from this studgy the foundation to collaborate with guiding operations to create real world
decision support tools that capture historic decisi@king patterns with the potential for integration into guide training and

105 daily opentional decisiormaking practices.

2 Methods

Capturing the critical factors for the run ligtdingprocessat an operationequires a variety of different data setshich can
be grouped into factors that characterize the terrain within each skcutnent conditionsand operational factors and
constraints This section first introduces the study area and data sets that we used to capture the run listrdg@digion
110 processilt then discusses the three modelling methods andpproach to model evaluation in detailtable of all variables
included in the decision support models is in Appendix A, including a description of the variable, a histogram of tlee variabl
distribution, and how it is applied in each mod&he code necessary to reproduce our analysis are avaitgble
https://doi.org/10.17605/0SF.I0/6DHMgSykes et al., 2024)ndall code is written in the R program for statisticaimputing
(R Core Team, 2024Pue to the large number of data sources and variables included in the present analysis, it is not possible
115 to describe every processing step in complete detail within the constraints of this paper. However, interested readers ar

encouragedo reach out to the corresponding autfmrmore details

2.1 Studyarea

Canadian Mountain Holidays (CMH) Galena Lodge is a mechanized skiing operation located in the Selkirk Mountains near
Trout Lake, BC, Canad@igure 1) The Selkirk Mountains have a transitiosabw climate prone to persistent weak layers
120 of surface hoar and faceted layers associated with icy diaegeli and McClung, 2007Most of the terrain in the CMH

Galena tenure is forested, but there are also high alpine zones with glaciated ski runs. Within their 2@ kiyt1enure

4



are 295predefinedndividualski runs(Figure 1) which are individually codedsgreenred;-erblackeachmorning For this
research wenly included skiruns hat are completely within the owherewet i ng
have collected at least 10 GPS tracks over the study p@éadSection 2.2.2andwhereinformation about operational

125 considerationsvasavailabk (see Section 2.2.3). This results in an analysis datas#®2@ki runs, which are highlighted in

yellow in Figure 1

e U
d | CMH Galena Tenure
i A Lodge

7, !:! Tenure Extent

| Run List Prediction Runs
[] LowUseRuns ¥

Tenure 2 A — 2 < »i" ¢ ¥ l‘r‘lﬂ" €

Figure 1: Canadian Mountain Holidays Gelena tenure, showing théodge location andski runs included in the analysis Each runis
coded using the run list during the daily morning guides meetingSee Appendix A fordescriptions of the terrain characteristics for
130 the runs included in the analysis.

2.2 Run characteristics

To characterize the terraimthe CMH Galena tenureve modelled avalanche start zones and runout zones usingfstage

art avalanche terrain modelling methodsncluding high resolution satellite stereo photogrammetry, poteatralanche

release area (PRA)odelling, and RAMMS dynamic avalanche simulati¢Bgkes et al., 2022The output of these models

135 describes the terrain across the entire terweto better understand the characteristics of the terrain where gaide®nly
travel, we focusedon the characteristics o&ster pixels within 20 m buffer of GPS trackthat have been collected by the
research team to record gui des 6 .Basedromdisoussois withgledss, veeilearced t

that guides only consider ttiemo st ¢ o n s withim thé runvdaring therrua st coding procesghereforeon runs

5
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that are heavily usetve applied a clustering approach to identify the most conservative skidmahe collectedGPS tracks

and only extracted terrain charactécs fromGPS tracks belonging to the most conservative chastestractrelevantraster

pixels To include the terrain characteristicoim analysidecision-supperttoo)we calculated summary statistics to represent
the terrain on each ski run. In addition to the physical terrain characteristics, we also included operational faatbrskior ea

run that play a role in the decisiomaking processThe following paragraphs explain each of these steps in more detail.

2.2.1Avalancheterrain modelling

The data we used to characterize avalanche terrain at CMH Galena include elevation, foresixposare to potential
avalanche release areas (PRA), and avalanche runout.:z@&hegation data ane from a SPOT6 satellite
stereophotogrammetryrd DEM and forest covewasestimated using land cover classification of Rapid Eye &atellite
imagery(Sykes et al., 2022We used @otentialreleas-areaPRA) model to estimate the extent and size of avalanche start
zones based on slope angle, aspect, curvature, roughness, and fores{Béhkstyet al., 2013, 2018, 2022; Sykes et al.,
2022) To quantify exposure to overhead hazard, we tiselhrgescalehazardindicationmodelling approachlescribed by
Buhleresat al. (2022)including the avalanche dynamics model RAMKGristen et al., 2010 simulate the runout distance,
velocity, impact pressure, and flow height for avalasaréinating fromall 111,937identified PRA polygons.The runout

impact pressure was used to estimate potential size of avalanches and flow height was used tarestinvaerskiers

could potentially be buried deeplgommonlyknownas terrain traps.

We simulatedPRAs and overhead hazafiar two different avalanche scenari@iSigure 2) A frequent scenaritargeting
smallerstorm snow slalavalanches that are commonly encounté8ydkes et al., 2022and darge scenarithat is intended

to capture deeper and more connected avalanches that are more typical of periods with active persistent wieaktlayers
frequent scenario we use the-yi€ar return period parametdacsidentify potential release area polygoasdic-increase-the
size-forthe-large-scenanwe used the 39ear parameterfsom prior research conducted by Bihler ef22022 to increase

the size for the large scenaribhe size obotential-avalancherelease-afe@asis typicaly larger for the large avalanche
scenario, but the extent to which the release area polygons differ between the two scenarios depends on the local terra

characteristics. For thgeguent-scenarRAMMS simulations,we usel a-release depthof 0.5 and 1m for-the RAMMS

simulations-andor thefrequent andarge scenarirespectivelyve-use-arelease-depth-ainl Theserelease depth values are
based on discussierwith local guides and targeted around the type of avalanche activity we aim to capture with the

simulations.
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Figure 2: Comparison of PRA polygons(A, B) and runout impact pressure(C, D) for frequent_(A, C) and large (B, D) runout
simulations. The frequent PRA and impact pressure simulations represent smaller storm snow avalanches, whereas the large PRA
and impact simulations represent deeper more connected persistent weak layer avalanches.

170 2.2.2GPStracking

Starting in the winter of 2015/201the Simon Fraser University Avalanche Research Program has collaborated with several
mechanized ski guiding operations in Western Canada to coitgetesolutioninformation on the terrain skie@helocation

information was collected witbustomdesignedsPS trackers/hichrecordedparticipatingguide® posi t i owomvwer ever
7
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the course of a weglhumlert and Haegeli, 2018\t CMH Galenathe research team hesllected 15,111 GPS tracks over

seven winteseasons2020/21season is missing due to COVAD restrictions).

We leverage the GPS tracking data in our run list decisiaking model by using the GPS track coordinates to extract terrain
characteristics for each run. This method is more accurate than using the predefined run polygor® tigause itocuses

the spatial extent of the terrain characterization to only the portion of the run polygd ahatallyskied.Since the most
conservative ski line matters the most for opening or closing aveinsed a clustering approach to further refine the portion

of the run that we use to characterize the tewaiheavily used runs, which we defined as having 50 or more GPS tracks over
the data collection period (n = 65)

To identify the most conservative line withire available GPS tracks associated wittki run polygornwe grouped the tracks
usingfuzzy analysis clustering,@obabilistic variant of the-knedoid clustering approach described in ChaptafrKaufman

and Rousseeuw (26D and implemented in the fanny function of the cluster package {Wda&echler et al., 2022)n
comparison to hard or deterministic clustering, fuzzy clustering calculates membership probabilities for each datapoint to
describe how likely they belong to a particular cluster. This allows the metipoovidebetter insight into datasets where the
differences between clusters ameregradu (Kaufman and Rousseeuw, 2005he distance matrix uddor the clustering

was a combination of two normalized distance matrices: one for the geographic location represented by the start and end poil
of the GPS tracks (i.ecpordinates ofanding and pickup locations) and one floeterrain characteristics of the tracks, which
included the 98 percentiles of slope incline, PR#olygonarea for the frequent and large scenario, runout pressure for the
frequent and large scenarios, as well as the proportion of the track in forested Terrain. characteristics thiely did not

exhibit a multimodal distribution (as tested witartigans' dip testrom the diptest R package Waechler, 2021 )were
eliminated from the terrain characteristics distance maased orourinitial explorationsthedefault values for theveight

of the terrain characteristi@s the overall distance matrand the fuzzy parameter that determines the crispness of the cluster
solutiors were 0.15 and 1.7 respectivelor each ski run, we calculated solutions for 2 to 10 clusters and selected be best
solution based on the average silhouette wigtle, of the commonly used measuresafgsessg how well the data points are
represented by their cluste®ubsequently, the most conservative line within the selected cluster solution was identified by
examining the distributions of the terrain characteristics of DEM raster cells touched by the GPS tracks associated with the
different clusters. To minimize thafluence of outliers, only GPS tracks with a cluster membership probability higher than
0.75 wereincluded in these assessments. The selected cluster solutions and most conservative lines were verified by CMF
Galena guides, and if necessary, the algorithm was rerun with slightly modified parameter values to produce a more realistit

solution. Figure 3 presents the identified ski lines for several runs to illustrate the output of the clustering algorithm.
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Figure 3: Example of GPS clustering approach, wittmost conservative cluster of GPS tracks shown with black lines and oth&PS
track clusters shown by color codedines.

2.2.3 Summarizing terrain characteristics

Since the unit of decisiemaking for the run list coding is an individual ski run, we needaihtplify the terrain information
for each run into a single number summary for each terrain characté&kstizarried this out by extracting the mean, median,
95" percentile, and mamum values forPRA polygonarea, runout deptiyunoutimpact pressure, runout velocignd slope
incline based on the values of all raster celithin a20 m buffer ofthe relevant GPS trackBor the PRA and runoterrain
layerswe calculated these summaries for the output of both the frequent and large avalanche sbemalditson we

calculated the percentageesfch rurthatwas-withirthat wascovered byPRA polygons coveredby forest, and the proportion

of each run within each adinal aspectTo furthercharacterize the aspect of the runs we calculatedwbage northness of
9
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each run, whicluses aosine transformatioto determine the degree of northern exposure of a run ranging fr(south) to
1 (north)(Olaya, 2009)Sinceseparat@valanche hazard assessmsamné produced for alpine, treeline and below treelive,
also calculated the percentage of each run idifferentelevation bands using elevation thresholds flocal guideqalpine
> 2250 m, treeline 22501850 m, below treeline < 1850 nHinally, we extracted the maximum and minimum elevation of

each run.

2.24 Operational considerations

The final component of run characterizat@mms to capture the operational perspective of eachQna.key source of this
information was the work of Wakefield (2019) who developed a ski run characterization sucaptietheg u i gersonal
perceptiorand operational knowled@# ther skiing terrain{\Aakefield,-2019)The majority of the survey data is categorical

andt he gui de characteri zati ons ar Ehe ¢tollected informationontaingaiwealth ob ¢ o |

knowledgefrom CMH guidesbutthe present studgnly incorporats a limited subset including ayhether weak layers are
intentionally managed by destroying them on the surface using skier traffbelther a run fills a specific operational role
(e.g, lunch run odestination rujy c) the approximate flight distance required to aceesld run, d) the overall ski quality of

the run,and e)the overall accessibility of the run and the landing zone for each run

2.3 Current conditions

Thereis a multitude of condition factors thaanimpact runlist coding at CMH Galena, but in this manuscript we present a
relatively sparse model that focuses on the major decision drivers. We selected the variables based on the operation
experience of Roger Atkins and looked for relationships within the blatlae absence dfigh-quality weather station data in

our study areawe relied on field observationiedge weather observatigrend daily avalanche hazard assessniermspture

the current conditionsn-addition—W\e alsoincludel the following dailychangingoperational factorselevant tathe daily

run list coding a)-) the percent of the tenure that was observed the priorlgdyow long it had been since the run had been
skied last.In addition c}-) whetherthe guiding program was on an exchange day, where gelestgie guides teamare
swappedout, and operational logistics such as transporting food and equipment to the lodge impact the daily opbleg@®ns.
factors help to incorporate real world operational considerations that have an impact on the-ohedigigrprocesswhich

are independent from the terrain hazard or avalanche hazard conditienfllowing sections describe how the condition

variables were derived in detail.

2.3.1 Weather conditions

Snowfall loading rategaresome ofthe mostcritical factosto determine the size and likelihood of avalanch&erefore we

includedthreevariablegelated to snow loadinig our decisioamaking modelsthe height of new snow over the past 72 hours
10
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(hn72), 24 hourghn24), and 12 hour¢h2d) as recorded in the daily field observations and morning lodge observations from
the guiding teamWe also includé thedaily average height of snoviag observed in the fields a proxyor the overall snow
coveragen the tenureAdditional weather factorsaptured from guides field observations included speed, sky cover, and
current precipitation ratéds an indicator of seasonal changes to operational praetimbgeneralmountain conditionsve

also included the time of seasas a ordinal variablgearly-winter, mid-winter, earlyspring, and spring

2.32 Avalanche conditions

To capture the guiding teambs under st adalyam@gncldfazard ratingsa v a |
for each elevation bandvalanchdikelihood andavalanchesize informationof the identified avalanche problems, and the
strategic mindsefrom their morning assessmentatkins, 2014; Statham et al., 2010, 2018jnce recent avalanche
observationglay a large role iravalanche hazard assessment, we also included the total number and maximurthsize of
avalanchsobserved withirthe CMHGalena tenure from the pa& hours and the past wedkeelected to separasvalanche
likelihood and size information for persistent and-pansistent avalanche problems to capture the effect of different types of

avalanche problems on the decisioaking process mogecisely

2.3.3 Run coding

The daily runlist codes are the output variable four decisioamaking models At CMH Galena the conditionally open

(yellow) run code is rarely used, therefore we elected not to include that remama analysisWhile working with Roger

Atkins to understand thCMH Galenaun list coding processve realized that transition periods are the nmastrestingand
usefultarget for a decisiemaking modeblsthey indicate a change in operational conditions from the statudHgueever,

these tansition periods are relatively infrequeably accounting foroughly 11% of the run list codes in our data,sehile

runs remain red roughly 18%, remain green roughly 59%, and remain black in roughly 12% of run lisTeadasgimize

the utility of the decisiosupportools we constructed our target variatwexplicitly highlightt r ansi ti ons fr om
run codeThe run list target variable in our models inclsifiee categoriesd c | osi ngdé, &éstatus éhackao
@ p e n We gpidsider rundgransitioningf r om &égreend to either 6redd or O6bl ack
run transitiosf r om 6redd or Obl aitkdpeami wd.eend we consider

We alsaincludedthe run list codindgrom the prior day aavariablein our decisionmaking modelsThiscapture theiterative

nature of the run codingvhere codes are updated ddigsed on prior observatioaadnew information. Including thprior

run list code as an anchor for the daily run list codéngealistic to theealworld decisionmaking process and allows us to

explicitly identify periods of transition within the ruoding.

11
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2.4Model development and evaluation

Wetestedhree different statistical models to develop decisiopport tools for the run list coding proces8ayesian network

(BN), random forest (RF), and extreme gradient boosting (XGBg BN approach has the advantage of bexyicitly
grounded inexpert understanding of the decisioraking processFhis-type-of modelis-new-to-the-avalanche-field-but has

ertainty_and dvnam ondition e_inteq o-the degisiiing—context

developing-a-decisioaupperttecl-rRandomfForest (RF)modelbecause it is a commonly used model across a variety of
domains, including other applications in the avalanche {Mdliayer et al., 2022; Richter et al., 2028hd Extreme Gradient
Boosting (XGB) because it is well known as a stHtéhe-art model for high predictive performan{@&hen and Guestrin,
2016)

2.4.1 Bayesiametwork

Bayesian network@N), also known as belief networks or probabilistic graphical models, gpeaf statistical model that

are used to represent and analyze uncertain complex relationships among multiple \thaahbiekide both inputs and eut
puts(Scutari and Denis, 2021Fhe foundation of a BN isdirected acyclic grap{DAG), which illustrates variablessnodes

and relationships betwedhem asarcs. The graphical structuogé a BN cannot contain any cycles, and nodes that are not
connected by an arc are assumed to be conditionally independent given theirpargotsand Neil, 2019; Scutari and Denis,

2021) One major advantage BNsover other types of modern machine learning algorithms is that the structure of the network
can be constructed based on input from domain experts, which allows the network to take on a form which is authentic to rea
world decisioamaking thought processe

The quantitative foundation of BN are conditional probability tables (CPT), which can be estimated manually or based on
observed data for each no@®Ns havebeen applied in a variety of fields, includingedical diagnosis and operational risk
analysis(Fenton and Neil, 2019Dnce aBN has been estimateit can be used for a variety of tasks related to probabilistic
inference, prediction, and decision support, which make BNs well suited to oulntéisis. analysis we used the R packages
bnlearn(Scutari, 2010and gRainHgjsgaard, 2012p fit and apply the BN.

The main driver for deciding what nodes to include in the BN and how to setedveselm nodes was the expert opinion of
Roger Atkins along-timeguide at CMH Galendl'he primary objectivef this step wat capture realistic patterns of decision

making in the arc pathways within tBRAG of theBN. We then usgthe data described in the previous section to calculate

the conditional probability distributions of the BN based on the structure providide dgmain expert.

We constructed the DAG based on the thought process of using three different types of relationships to set arcs (Figure 4
First are arcs between run characteristic nodes, which represent the natural physical relationships in avalanche terrain ar

operational relationships in the guide survey nodes. Second are arcs between condition variables, which represent th
12
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relationships between observations and guidesd assessme
the conceptual model of avalanche hag&tétham et al., 2018Yhird are decision arcs that connect nodes that could have a

direct impact on how a run is codé

To reduce the complexity of building the Bid make it easier to understane elected-tauseal categorical variables for all
the nodes in the network. This required converting the numeric variabdesategorical, which we undertook manualiyd
aimed to minimize the number of categories with very small proporittine datdo reduce the overall size of the conditional
probability table for the run list output node. Reducing the number of categories in each \sgiaifilsantly reduces the
computer pocessing time to apply the BN in a predictive capacity and lead to more accurate predegoAppendix A for

a list of all variables and to compare the original numeric distribution to the categorized version of the variables.

2.4.2Machine learning approaches

Both machine learning approaches are based on decision trees but differ in their specific implemerdatimnmitreas a

common statistical approach to classification where a simple tree structure is built to split data into leaves or naites based
training dataset that includes bd#ature values and the desired classification. The internal nodes of a decision tree represent
a test on an individual feature in the data, with the branches descending from each internal node representing the outcome
the test(Breiman, 2001) The terminal nodes, or leaves of the tree, represent the classification prediction. One of the main
advantages of decision trees is that they automatically detect relationships within theddatdurally handle interactions

among featurewithout the analyst needing to a priory specify them-naturally-handle-interactions-among-feat(kKaemn

and Johnson, 2013However, when applied to predictive problems individual decision trees tend to overfit the sample

observations, which means they do not tend to generalize well to observations outside of the training data set.
Random forestéRF) are an ensemblesed machine learning approach which uses hundreds of independent decision trees to
produce more accurate and generalizable predictions. Independent decision trees are fit by using a random subsample of t
training data, using a peess called bagging, and the feature used at each node within the tree is selected from a random subse
of all the features available. These practices allow the individual trees within the RF to be substantially differen¢ from on
another, which improves overall performance of the ensefBbééman, 2001)A majority voting scheme is used to determine
the prediction of the RF, which means whichever classification level gets the most votes of all the trees becomes the overa
prediction.
While RF uses bagging and random sampling to create a forest of independeBixtreexeGradientBoosting(XGB) uses
a technique called gradient boosting to sequentially build decision trees that correct the errors made by preyusrirees
and Guestrin, 2016)Gradient boostingreates an ensembté simple weak learnersiefined as a simplelassifier with
performance slightly better than random chamedorm a strong learngdefined as a classifier that achieves arbitrarily good
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accuracypy optimizing a loss function when each new tree isEfsentially each subsequent weak leamméne ensemble

focuses on the misclassified cases from prior weak learners totfamiag on cases the model previously got wroFis

method allows XGB to produce classification models with reduced bias and variance which leads to better predictive

performanceCompared to RF, XGB tends to build more complex models that capture more nuanced patterns in the data.

Fitting XGB models typically requires more computer processing time and tuning of several model parameters to achieve

optimal results.

To fit the machine learning models to our dataseinekided all variables from the BN aaddedadditional variableselated

to the run list decisiomaking process as determined by conversationsamigxpert guideand evaluated whether they were
improving predictive performanc@hile the RF model easilgdoptedhe categorical variables that we developed for the BN
approachwe manually converted the categorical variablés &nseries of binary variables (also known astwwteor dummy
encodingbhey
package fastDummie@&aplan, 2020) To ease interpretation of the XGB model wiected to use the native numeric

indefore including them in th€GB method using the R

representations of the run characteristic emntlitions variables where possibleabidition,we tested treating ordered factors

as bothdummy coded variables and as ordered integers in the XGB model.

Totune the RF modglarametersye per f or med a gr i d s,evhiach determines hawhmany gameablesy 6
arerandomly sampled at each split in the decision tues#sg the R packages caf&uhn, 2008)and RandomForegtiaw,

Andy and Wiener, Matthew, 200Zyor the XxGB modelwa s ed t he 6 g b tamried®ui a rbocextengiveprocessn d
of tuningt he o6 nr ounds 6 ,maxddeptia suldsanl§ a nontaodl , s admp | eninkbclild rweee anddela n d
parametersising the R packages cafi&tuhn, 2008)and XGBoos{Chen and Guestrin, 2018)/e aimed toptimize overall

f

accuracy and used the default 6softmax6 obj e Ourippeessfounct |

q

tuning the XGB model parameters required five steps;&)u ghl y tune &énroundséo, 6et abd,
max value of é6nroundsé to 1000 to | imit processing,ti me
Dtune 6émax_depthdé and édmin_child_weighto usi ngrouachlramdu nd s

defaults for other parameters,t3une o6écol sampl e_bytreed and Osdmaamplepd hds

O6min_child_weightodo while ustogedéfgammadpasamgténrbaondség

tuned parameters for all other valuasd finally5)t une 6éet ad and O6nroundsd6 a second
inputs and testing a |l arger range of 6énroundsd valewses
in batches to limit computer processing time whkii# testing a wide range of potential parameter combinations.

We tested both the R&nd XGB modelswith and without class weightsyhich are intended to improve accuracy for

t

I

imbalancedlassification tasks. We used a class weights scheme based on the inverse proportion of the sample size, so th

errors in classes with lower sample sizes are penalized more heaviblabsgs with larger sample sizes.
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2.4.3 Model evaluation

To assess how well our decistamakingmodelsmatchreal world decisions, we usedch modeds a predictive todb classify
whether runs would beodedasi c |l osi ngd, O6éstatus bl adé&pendsdnéandhaascterdtdsd , 06
andcurrentconditions. We used 70% of otun list dataseto train the modeland 30% to test the prediction accuraty.
compare thenodels,we used a multiclass confusion matr8pecifically, we examinedthe overall accuracendCo h e n 6 s
kappa which are metrics for the overall performance of the classifier, andethstivity of individual classes to evaluate
performancen greater detailThe overall accuracy is the proportion of cases where the model predicts the same run list code
as the CMH guides. Cohends kappa meas amodefthatsimply predicted thet h e
most frequent class, also known as the no information Iragddition to the confusion matrix approach, we calculated t

area under the receiver operating curve (AUROC) for eamthelusing the R package pRQRobin et al., 2011)AUROC
considers the sensitivity and specificitiithe model an@valuateshe overall performance of the classifier, waith AUROC

of 0.5 indicating random chance and 1.0 indicating a perfect clasSfieze our output variable has multiple classéise
AUROC is calculatedising aone versus onapproach, with each class considered as the positive case and compared against
every possible pairwise combination of classes. The model AUROC is then calculated as the averpgénofdb@UROC
values(Hand and Till, 2001; Robin et al., 2011)

To better understand the patterns captured irRtheand XGBmodels we also looked at the feature importance fos¢he
models.Feature importance provides an assessment of which variadnésbuteto the classification taskost strongly

which is determined by the mean decreasth@Gini coefficient(Breiman, 2001)This measures how much each feature
contributes to homogeneity of the nodes in the decision trees, which leads to more accurate clas3ificiitjateeper into
understandinghe relative contribution of different featurege createdShapleyadditive explanations (SHAP) plotahich

area more advanceghethodfor interpretaing black boxmachine learning mode(tundberg and Lee, 2017; Molnar, 2022)

In addition tomeasuringvhich featurestrongly contributéo the classification tasi§HAPalsoshow how theange ofvalues

for each feature contribuge¢o theclassification(Flora et al., 2024)SHAP can be calculated fdroth the overall model and

the individual levels of the classificationThese methods help to visualize how the machine learning models create their

classifications and provide some insight into the patternglthet theseblack box models.

3 Results
3.1 Bayesian network

Our decisioamaking network aimed at capturing the daily run list coding at CMH Galena conthimsd2s andi4 arcs
(Figure 4). To fit the BN, we used63,581 cases ttyain the network and ke7,254 casew test the accuracy of the BN
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Overall, the networkstructurerepresents the complexity of the decisioaking process by containing many potential
pathways to the rulist node.This realistically represents thealworld decisionmaking process, where the driving factor for

395 the coding of runs depends on altitude of factors related to current conditions andspacificcharacteristics.

3.1.1 Input nodesi terrain characteristics and operational factors

We includedseven nodes in the BN that represent terrain charactefistitnghe avalanche terrain model outglight blue
nodes) Potential avalanche release area siza) fepresents the $ercentile start zone polygsizefor the frequent scenario
within each ski runwhich iscategorizednto four classe$0-10,000m?, 10,00015,000m?, 15,00620,000m?, >20,000m?).

400 PRA sizeis aimed at capturing the high end of the distributioav@lanche release areaat could be triggered on the run.
The percentage of the ski run that is within potential avalanche releasepaeeg®(( intends tocaptue the overall amount
of exposurdo areas where avalancheould be triggeredlong the rur{0-25 %, 2540 %, 4055 %, 55100 %). Runout size
(runout_sizg represents th@5th percentile impact pressure from the large avalanche simulation, whilncluded to
representhehigh-endpotential avalanche runout sjz& overhead hazarduring periodsvhere large avalanckare possible

405 (0-50kPa, 50100kPa, 100150kPa, >150kPa). Runout depth{runout_depth is determined by taking the 9%ercentile
runoutheightfor the frequent avalanche scenario, which captures the potential of terrain traps to cause deep burial in case o
a relatively small human triggered avalan¢®d. m, 1-1.5m, 1.52 m, > 2 m). The noddor run steemess(slopé represents
the steepesgtortion of eachrun by using the 95percentileof its slope anglalistribution,which isthencategorizednto four
classes (85°, 35-40°, 4045°, >45°). We chose to use thé&® percentile value to capture the upper end of the distribution

410 for PRA sizeslope anglerunout size, and runout depitrstead of the maximum valde minimizethe potential fodocal
DEM artifactsto give unrealistically higimaximum valuesTo represent thelevation(eley) of a runwe used all the elevation
bands a run includes, sans that cover multiple elevation bandslude multiple elevation bands (alpireeline, alpine
treelinebelow treelinetreelinebelow treeline, below treelifeForest coveffores) was summarized based on the percentage
of raster cells withir20 m of GPS trackdhat are forested and split into categories-86@%6, 2550 %, 5075 %, or 75100 %.

415 There areseveral inherent correlations among the run charactefistitaeed to be accounted for in the model with &B&\
sizeis connected by arcs to runout size and runout deptlause the surface area of the start zone has a strong anpact
potential avalanche size and burial deptRA percenis connectedby an arc to forest cover percefdrgs) because avalanche
start zonedend to inhibit thegrowth of forestsElevation banddley) and runout siz@lso have an arc connectedftéoest

because large avalanche paths and higher elevations both inhibit the growth of forests.
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Figure 4: Directed acyclic graph (DAG) for run list BN at CMH Galena. Arcs are defined based on the expert opinion of our
collaborating guide as well as natural physical relationships of avalanche terrain characteristicklode abbreviations and variable
characteristics are described in detail in Appendix A.

The operational facterincluded in the BN(dark blue nodespre whether skier traffic is used to mitigate weak layer
developmentskitraf), theflight distance from the lodge to the r(ftight), and whether the ruserves apecific operational

role (oprole). The nodesproleandflight both have arcs connecting to skier traffecause runs that are maintained with skier
traffic tend to be in closer proximity to the lodge and sersgegificoperational role because they can typicallybedduring

periods of elevated avalanche hazaiithe skier traffic node also has input afikem forestand runout sizebecause forest

cover can break up potential avalanche start zones into multiple smaller start zones, which are more suitable foif this type @

mitigation, and ruis with exposure to large overhead avalanche paths are typically not suitable for skier mitigation.

3.1.2 Input nodesi current conditions

Twelve nodes are included in the BN model to represent current avalanche conditions (orangeThedes)odes include
both direct observations and guide assessments of the conditien®lationships among thecondition variables are driven
by physical principles anthe avalanche hazard assessment pratessibed by the conceptual model of avalanche hazard

(Statham et al., 2018The primary weather condition variabia the BNarethe height of new snow within 72 houtsn72
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and theheight of new snow within 12 houfis2d). Thesenodesare included in the model to represtir@ amount of new snow
loadingwithin the current storm and overnight respectivaignaturallyhave arcs connected toon-persistenaivalanche size

(axs3, nonpersistenavalanche likelihoo@axIk), size of persistent avalanchesszp, andlikelihood of persistent avalanches
(axlkp). In addition,hn72has arcs connectedttte status of persistefd) and deep persiste(dps avalanche problemwhich

have values of 0 when the avalanche problem is natesatid 1 when activ@ime of seasorsgasoiis a secondary condition
variable that is orientetbwards the development of snowpack characteristics over the course of a winter Seasoris
connected to the status of deep persistent avalanche problems, which tends to be less likely in the early winter aiy more lik
in the midwinter, earlyspring, and spring. The number of avalanche observagodun and maximum size of avalanche
observationsgxobsizgwithin 72 hourdromt he gui de s 6 fepresénttheio directeviderece of aurmest avalanche
activity. There arearcs conneéhg observed avalanche size to expected avalanche size for persistent gmersisient
avalanche problemand fromnumber of observed avalanches to expected avalanche likelihood for both persistentand non
persistent avalanche problems. The sttaEpersistent and deep persistent avalanche problems are each connected with arcs
to persistent avalanche likelihood and sike.described in the conceptual model of avalanche hazard (Statham et al., 2018),
avalanche size and likelihood nodes for both persistent angersistent avalanche probleimave arcs to daily maximum
avalanche danger tiag (axhzd as they arghe key determining factorsf avalanche hazardsince he daily maximum
avalanche danger rating specific to the elevation baméhcluded ineachrun, an arcconnectslevation band to avalanche
hazard.

3.1.3 Output node

The target outputode is run listwhich captures thehange in the run list status from the prior-dajngthe-classeslosing
status—blak—status—rel—status—greepandopening This node has input arcs from avalanche six@lanche likelihood,
persistent avalanche size, persistent avalanche likelilawatinche hazard,noutsize runout depth, percent of PRalpope
angle,skier traffic mitigation, and theun list statusrom the prior day runlist_y). By combining condition variables, run
characteristics, and prior status we aimed to capturmtbeactions between thrange of potential factors thdtive therun

codingdecisiondor different types of runs.

3.1.4 BNperformance

The BN hasan overall accuracy of 84.6 percent compared to the test cases with an area under the receiver operating curv

(AUROC) of 0.87 and a kappa statistic of 0.74 (Table 1). The no information rate for the BN sample/s &#8i6h is the

class frequency of Ostatus greenbod. For the trané&biahd on ¢

24.4% respectivelyFor complete results of the confusion matrix for the BN model see AppBndixe BN fitting process

does not include a ethod for class weighting. However, as an alternative to prioritize performance of the transition classes
18



wetestednanual |l y setting the classification threshold for &

with the highest probability. We found that the performance in transition classes improved substantially from 27.8% to 40.5%

for @bl anidn24. 4% to 34.7% for béopeningb. However, manua

for transition cases results in a decrease in overal/l
470 respectively.

Table 1: Accuracy metrics for three decisiorsupport tools using 30% of run list data for model evaluation.

BN RF XGB

n features 23 42 58

Size of testdataset 27,254 20,899 20,898

AUROC 0.87 0.97 0.98

Overall accuracy 84.6 91.9 93.3

Kappa 0.74 0.87 0.89

6 c | o sensitivityd 27.8 70.5 72.0

6 0 p e reensityity 24.4 50.2 56.8

3.2Random Forest

3.2.1Featuresincluded

475

Doeto missing data in the additional features
for the RF the overall datasetas slightly smaller than the BN, wit#h8,755 cases in the training data set 20899 in the
testingdata setThe final set of features was testegltrial and erro and evaluatedagainst the accuracy metrifrom the
testing data seOurgridsearcf or t uni ng t he 0 nmtawvalué of pvehichaneems tieat ninfeagusesvere e d
randomly selectedndtested at each split while growing the decision tréés used the default value of 500 for the number

480 of trees in the RF. To account for the imbalancéharun list classificatiortarget variablewe used inversgroportional
weighting to penalize errors in the minority classes more heailg training the modelThis improved performander the
transition periodslosingandopening which makes the model more useful as an opeati®tisionsupporttool.

Theadditional terrain characteristigscluded in the RF modarecategorical versianof the95" percentilePRA size for the

large avalanchescenario(pra30y), average PRA size along the run for the frequgma_mean and largescenarios
485 (pra30y_mea)) 95" percentilerunoutpressure for the frequent scengpionout_presy 95" percentilerunout height for the
large scenarigrunout_height 1 and theaspectaspec} of the run with the highest proportion ister cells withireO m

of GPS tracksEach-of-these variables-wasanuall\rconverted-to-a—categorical-variable for-inclusion-in-the-Riese



additional features help to capture the unique characteristigachfrun based on the exposure to avalanche start zones and
runout zones.

490 We also addedeverahdditionaloperational factorto the RF model to help capture the some ofhtbesnuanced operational
considerations thatanimpact run list coding. Those features trenumber of days since the run was last skiast_skieq,
the overall quality of skiing on the ryski_quality, overall accessibility of the ru@access_genaccessibility of the landing

zone (access_lang and whethethere was arexchange of guestsr guides(exchangg taking place that could impact

operational logisticsFhe-featuresapturing-number-of-day nce-the run-was-skied-guest-exchange were-manually

495

To capture the currerdonditionsin more detail,we also addedadditionalfeaturesto the RF model focused aomeather
conditions field observationsandavalanche hazard assessmdine weather condition featurese addedare theheight of
new snow in the past 24 hoytm24), the wind speed observed from the fi@hdnd), sky coverobserved from the lodge in
the morning(sky), andthe current precipitation rateon the lodge in the morninfprecip). Additional field observations
500 includethetotal snowpack heighths) observedn the fieldthe day priorthe percent of the tenure observed on the prior day
(perc_observedand the maximum size of avalanche observations over the pasfaxebk_sizewegkWe alsoreplacedhe
daily max avalanche hazard feature from the \Bith avalanche hazard ratiador each elevation ban@lpinei alp_hzd
treelinei tl_hzd below treelingi btl_hzd. To capture the shared mindset of the guiding teaeincluded thestrategic
mindset(mindse} as a feature for the RF mode&inally, we removed the status of deep persistent avalanche problem and
505 persistent avalanche problem from the RF model bedhesgersistent likelihood and size features capture this information

implicitly, and the overall accuracy of the RF decreased with these avalanche problem features included.

3.2.2Featureimportance

The feature with by far the highefgature importance for the RF modslthe run list from the prior dayvhich naturally
emerges from the fact that roughly 90 % of cases the run list code stays the same as the prior day (Fifieatdes 2

510 through 7 by feature importance are all relatecutwent conditions, with the most important features being strategic mindset,
new snow in past 24 hours, treeline hazard rating, overall height of snow, alpine hazard rating, and likelihood of persistent
avalanchesThe below treeline hazard rating is also ranked relatively highly®inTitse remaining features that capture snow
loading, threeday snow loadinghn72 and12-hoursnow loading [i2d), are ranked 9and 2% by feature importance. The
avalanche observation features themost importantre the percent of the tenure observed the prior plenc (observed

515 andtotal rumber of avalanches observed ovérday period @xobs_num7Rwhich areranked10" and 18"
Operational featuresith the highest feature importance axerallaccessibilityof the run(access_géranked & andflight
distance(flight_dis) in 9". Other highly ranked operational features are the qualitth@fskiing experience on the run
(ski_quality in 17" and whether a run is maintained by skier traffiki¢r_mitig in 26". The least importanfeaturesin the
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RF model ar@perational rol¢op_role) in 41%, which designates runs as having a specific value to operational logistics beyond

520 physical characteristics, and whethes tuiding program is on an exchange dexchanggin 42,

The terrain characteristi¢sat are highest ranked by feature importamoeupy positions 11 through 14 aack the aspect of

the run (aspec}, runout height for the frequent scenar{cunout height, runout height for the large scenario
(runout_height_1/ and runout pressure for the frequent scen@rinout presy Features related to PRA are generally
ranked lowecompared to thogeinout features, with the most important PRA features being PRA size for the frequent scenario
(pra) ranked 21, mean sie of PRA for the large scenaripr@30y_meanranked 224 mean size of PRA for the frequent

525
scenario ffra_meai ranked 2%, andpercent ofastercells in PRApolygonareas [jra%) ranked 2.

Feature Importance for RF Model
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Figure 5: Feature importance for RF modelfor all classes othe run list output variable color coded by the feature type

3.2.3 RF performance
530 The RF overalhccuracy is 91.9% with an AUROC of 0.97 and a kappa statistic of Dt@&ho information ratdor the RF

data set i$7.4%, which is the class frequency of status grédre improvement in predictive performance of the RF model
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over the BN is 7.3 percentage points in overall acgarac)
and 6openingbé classes for the RF is 70.5 % and 50.2 % 1
points espectively compared to the BNth default classification thresholdSor complete results of the confusion matrix for

the RF model see Appendi Tuning the RF model without class weighting resulted in adrigkierall accuracy by 0.8
percentage points and a higlieo h e n 6 s OlO& plgwaverpthe class weighted RF has higher sensitivity for closing and

opening classes by 15.1 and 9.7 percentage points respectively.

3.3 Extreme Gradient Boosting

3.3.1 Features included

$ie only features that

were dummy coded wethe categoricadtrategic mindseand the run list from the day pridfor elevation, we switched from
categorizing which elevation bands are part of each run in the RF to calculating the percentage of each run in the alpine
(perc_alp, treeline(perc_t), and below treelinéperc_bt) elevation banddWe also included the maximufalev_makxand

minimum elevationelev_min for each runTo accurately capture the influence of slope aspecswitched from using a

categorical variable representing the majority aspetite RFto calculating the average northness of each(morthnes

Sample sizes for thEGB training and testing data sets are almidsnticalto the RF, with 48,756 cases for training and

20,898 cases for testinglhe grid search procedure to optimize the XGB model parameters resuited 6 n r o4400d s 6 o
6etad of 0.05, O6ma@. @ceop tshabmpo fe 6b,y torgeaendmaodf o0f. 4, O mi n_chi l

3.3.2 Feature importance

Figures 6 and Visualize the feature contributions by plotting BidAP valuesfor all possible outcomes of the run list target
variable(Figure 6)as well as for the individual transition classéssingandopening(Figure 7). The features on tis$HAP

plots are ordered on theaxis by their feature importance and thaxis shows th&HAP value. The top three features by
feature importance for the overall classification are the dummy coded features that represent the status of the rpridrom the
day. This indicates that the prior days run list code is the strongest preditier current days run list codérich makes
sense since the run list code only changes in roughly 10% of. &Beem&rmﬂispeede@nl%ehwqge&wreugmyég% of

i inegpaipts along the-axis
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570

for each feature show the distribution of feature values ranging from low (yellow) to high (purple). The distribution of the
points is shown by the shape of the bee swarm plot, with a higher density of feature values shown as a thicker section of th
pointdistribution. For the top two features in Figure 6, prior run list green and prior run list red, we see that high feaire val
have highSHAP values, which indicatethat the prior run list code being green or red (coded as 1 for dummy variables) has
avery strong contribution to the run list classification. In contitasprior run listbeingblack, showm by a high feature value,

has a muclower SHAPvalue. This means that the prior run list being blemktributes much legs the run list classification
thangreen or red. Since the run list code black is considered -@lemsionthat can have variety of reasonsnrelated to

current conditions or terraicharacteristicsit makes sensthat this run list code wouldontribute lesso the XGB model
predictions.

Of the remaining top 20 features shown in Figdrdere is a mix of operational factors, terrain characteristics, and current
conditions The operational factors included in the top 20 features are number of days since the run was last skied, flight
distance to the run, and percent of tenure observed the prideatdyoth number of days since last skied and percent of terrain
observed higher values have a stronger contribution to the overall classification. Whereas lower values of flight distance ha

a higher contribution to the classification.
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Figure 6: SHAP plot for XGB model with the top 20 features on the yaxis ordered by feature importance and »axis showing the
SHAP value. The colorcoded points show the distribution of the individual features with hotter colors indicating high feature values
and cooler colors indicating low feature values.

The terrain characteristics with the highest contribution to the XGB classification are runout impact pressure fronettie frequ
avalanche scenario, runout impact pressure from the large avalanche scenario, runout height from the frequent avalanct
scenario, degree of northness of the run, and the maximum elevation of the run. In general, lower values of runoumpressure f
the frequent and large scenaciontribute more stronglio the classificatiorwhereasigher values of runout height have a
stronger contribution. Runs with low values of northness (i.e. run with southern aspects) have higher contribution#halong wi
runs that start at higher elevations.

Nine out of the 20 top features for the overall classification represent the current conditions. The total snowpackuedight as

as all three snow loading features {¥&ur, 24hour, and 1zhour) are included. The avalanche hazard rafimgall three
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elevation bands is also included, with a general trend that low or high values have stronger contribution compared to
intermediate values. Thisdintuitive because high avalanche hazard or low avalanche hazard both represent hazard scenarios
with greater certainty about current conditions, whereas a wide range of conditions chsebeed undemoderate or
considerable avalanche hazaatings High values in the number of avalanche observations inh@id2period have a strong
contribution to the classification. Finally, the avalanche likelihood for persistent slab avalanches shows that theulesver val

tend to have a stronger impact on the classification.
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Figure 7.SHAPpl ot s for transition classes 6cl os i-axigHly thainfehturé impodamden g 6 .
for each individual class. NegativeSHAP values indicate that features are associated with that class being less likely while positive
values indicate that the class is more likely. Color coded points show the relative values of the features with yellows mtitig low

values and purple high values. Note that the order of features on theaxis and xaxis range differs for the two plots.See Appendix

C figures C2 and C6 for larger versions of thes8HAP plots

Feature importance for transition classes

Looking at theSHAPvalues forclosingandopeningspecificallycan provideadditional insight abouthow individualfeatures
andfeature values contribute to these particular decigiBigsire 7). To simplify interpretation, we removed the prior run list
feature that corresponds the current run code (i,grior run list red forclosing class), which has the highest feature
importance for both classesinceto open or close the run must change status from the day Fpifteenout of the 20 most
important features are sharegibothresponselasses, although the order of importance differs between the two classes. The

15 sharedeatures include a mix of current conditions, terrain characteristics, and operational considerations. In general, the
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relationship of feature values aBtHAP values is reversed for opening versus closing runs. For example, high feature values
for the height of new snow in 24 houlm@4 contributes strongly to run closing (the more new snow, the more likely a run
gets closed)whereadower values ohn24are more important faun opening, as expected. However, the overall importance

of hn24for opening runs is much lower théor closingruns as indicated by the difference in feature importdrasgk 17

versus rank 1)

The additionalfive featuresthat are only included in the top 20 features for run closirggthe likelihood of persistent
avalanches, flight distance to access the run, below treeline and alpine avalanche hazard ratings, and maximum avalancl
observation size over 72 hours. Low feature values of persistent avalanche likelihood align witre ri&gAP values
indicating that when persistent avalanches are less likely runs are less likely to be closed. Longer flight distandes appear
also have a negativantribution to runs being closed, which may indicate thas tat are further from the lodge tend to
change from open to closed less frequently. Avalanche hazard rating for all elevation bands have a similar distribution of
feature values an8HAPvalues, with loweratingsleading to less runs closing and highaingsleading to more runs closing.
Similarly, field observations of smaller avalanclvestribute less to the decisidn close runghan observations of larger
avalanches

The featureshat are only included in the top 20 fams opening are the strategiindsetstepping oytmaximum elevation

of the run, degree of northness, total distance in PRA, and percentage of sky cover. When the guides strategic mindset |
stepping outuns are more likely to open, which is unsurprising but also encouragthgir stated mindset corresponds to
patterns in their run list practiceRun elevation and aspect seems to contribute more to the decision to open a run for low
elevation and more southerly runs than for more northerly or high elevatianftumgercentage of a run that is within PRA

has the expeetl of effect, with lowrvalues contributing to runs opening maesavily. Finally, runs tend to open movehen

the percentage of sky cover is low. This is likely due to increased access to a larger portion of the CMH Galena tenure due t
greater visibility and flying conditions from stable weather. These differences reveal some of the unique patternshgentified

the XGB model in the decisiemaking drivers that impact the run list coding process.

Feature importance for status quo classes

The overall factors that have the largest contribution to runs staying open is their exposure to avalanche runout zones, th
overall avalanche hazard conditions, how much recent snow loading has taken place, and whether the runs are maintaine
using skier traffic. Within the top 20 features by feature importancstébus greerthere are four different avalanche runout
features, with low values in all these features having a strong contribution to runs remaining open (App&heiavalanche

hazard ratings for alpine, treeline, and below treeline are also included in the top 20 features with low values harigng a str
contribution to runs remaining open. The same can be said for the three snow loading fedierrelsw valuescontribute

more stronglyto runs staying open. Other terrain characteristics that contribute to runs staying open are whether they are
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maintained by skier traffic to mitigate persistent weak layers on the sudaes,valuesn the mean and $5percentile PRA

size for the frequent avalanche simulation and runs with southern aspects.

The characteristics of runs that tend to remain closetharepposite of runs that tend to remain open, with higher runout
exposure and overall higher percentage of PRA. Runs that are further away tend to remain closed moresoftboramsl

that start at higher elevations dmalve a moraorthety exposureConditions that lead to runs remaining closed include higher
avalanche hazard ratings in the alpine elevation band and higher likelihood of persistent avalanches. Snow loadi&g over a
hourperiodcontributes to the decision to keep a run closed more strongly thad-Hweir or12-hoursnowfall, whichplay a

more important role in closing a run in the first place

Whenarunis coded blackt is simply not considered for the daywhich isnot necessarily an indication thatvas deemed

unsafe under the current conditiofisstead there are a wide variety of operational factors that could play into whether a run

is discussed during the morning guides meetigy. analysis revealseveral featurewith strong contributioato black run
codesthatseem tchavestronger ties t@perational decisiomakingthanhazard evaluatiarFor example, runs that are often

skied tend to have stronger contribution to being coded black, which may be an indication that guides use this code to pu
frequenty used runs on pause during uncertain conditions instead of ctbsimAppendixC). Thisinterpretatioris further
supported by thebservatiorthat periods of high avalanche hazard at the treeline and below treeline elevatiomlbands
contribute strondy to runs being coded black. Similarly, periods of higher likelihood for persistent avalanches tend to
contribute to runs being coded black. Other operational considerations that contribute to runs being coded black include the
flight distance, with runs ftiner away having a strong contribution to black run codes, as well as the height of snow, with low
overall snowpek heights having a strong contribution to black run codas pattern is likely related to more runs being

coded black at the beginning of the season.

3.3.3XGB Performance

The XGB modehas the highest overall accuracy at 93.3%, an improvement of 1.4 percentage points over the RF. The AUROC
and kappa for the XGB model are 0.98 and 0.89 respectively, which are improsefreftd for AUROC and 0.02 for kappa

over the RF model. The sensitivity of the transition classes for the XGB model are 72.0 % for closing and 56.8 % for opening,
an improvement over the RF by 1.5 and 6.6 percentage points respectively. We used the same class weights scheme for t
XGB model as the RF model, with weights determined using the inverse proportion of the class frequency. Tuning the model
without class wights resulted in a slightly higher overall accuracy byp@r@entage points. However, the improvement in
sensitivity for the transi tperoentage pomts forebsth dasskesojustifynugird tha dads 0 «
weights for our appdiation.A subset of the confusion matrix resultpissented in Table, but interested readers are referred

to AppendixC for the complete output.
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4 Discussion

The objective of this research is to betiaderstand the decisianaking process of professional guides in terms of their daily
run list coding and develop models that can meaningfully capture this degiaking process provide decision support by

670 producingrun listpredictions based on past decisidnghis section we compare the relative strengths and weaknesses of the
three differentodels, discuss the insights that each model provides into the dewigking process, arméflect on potential
applications and implications for incorporating this type of predictive model inteetitevorld decisionmaking procesi
mechanized skiing

4.1 Summary and comparison of models

675 While thepredictive accuracy is clearly much higher for the machine learning models than ttteeBNare pros and cotts
both approachesThe biggest benefibf the BN is the process ofmanually constructing the decisiomaking network by
working closely with domain experts to understand the nature adebisionmaking process. This collaboratioequired
consideabletime and energyo drill down into the details of the decisidnivers, but the insights gained from this progess
only benefitted the construction of the BN model but also the curation of the datasets and selection of feduairaadbine

680 learning modelsThe DAG that forms the foundation of the BN a beneficial byproduct dhis processwhich helps to
visualize the decisiemaking process and captures the theoretical underpin(iigsre 4).In addition the combination of
being based on expert input and havingprealictedorobabilities calculated assample conditional probability of input nodes
makes the outpudf the BN much more transparent and therefore possibly more trustworthgdption by practitioners.
Even thoughheinterviews withthe domain expegidentified manyfactors thatcontribute tothe decisiormaking process

685 the best performing BN was limited to 23 input nofégure 4) We found that including additional input nodesrend-what
ispresented-in-the-final-mod@dhgure4)decreasa the predictive performance and significantly incregbe computation
time required to process the predictionseTihcrease in processing tingedue to the exponential growth of tbenditional
probability tablefor the output node as more input nodes are aidedton and Neil, 2019 he reason for the predictive
accuracyof the BNdecreasing when including additional variables is not obvious. Many of the additional variables that we

690 testedn the BN were shown to be strong predictors in the machine learning appréadhles24, last_skied Two potential
causes could biat there are strong correlations between these additional input nodes and existing nodes indhéhBtAG
further increasingthe numberarcsdirectly linked to the output nodie creatingtee—targe—efa much largerconditional
probability table causing relatively small sample sizes for each potential combination of input node conditions despite our
relatively large overall sample sizBue to thistradeoff betweencomputation time and predictive performance with

695 complexity, we manuallfit and testednany versions of the BN o select the finalersion,we consideedboth the theoretical
accuracyas determined by our domain expartidpredictionaccuracyto arrive at a relatively simpléinal model While the

BN is a meaningful representation of thigh-level decisionmaking process, thact that it only includes roughly half as
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many featuresompared to the machine learning approacmgpreventhe BNfrom capturingsubtle patterns in the decision

making process and therefore contribute to lower ovpesformance

Both machinelearning approaches performed better than tharBférms ofpredictive performance in all accuracy metrics.

The advatage of the machine learning modelas greatest in thgensitivity of the transition classedosingandopening

with aroughlytwofold increase in the percentage of caskgre the actual run listas a transition clasrrectly identified

This reveals that the machine learning models are much better at capturing the conditions and terrain characteristics of rur
which are likely to transitiofrom closed to open or oersa. The cause offte machine learning models higher skill in the
transition cases is likely due to multiple factors, including the increased number of features in the thedwsdtysion of

class weights in the model fitting process which intentionally penalizes errors in the transition cases moretke\adviity,

of decision tree models to naturally integrate all types of interactions between featutébe greater complexity of the

machine learningnodelsbeing able to identify more subtle patterns in the datehermorethe inclusion oftrategic mindset

likely played a roldan the improved performanc&V/hile we elected not to include the strategic mindset variable in the BN

becaise we felt it was too much of a higlevel summary of the decisieamaking processHowever-Mindset had a high

variablei mport ance for the machine |l earning approacheniichespec

explairs some of the improved predictive performance during periods when runsclesieg and opening Hence,We

includingedstrategic mindset in the machine learning approaah@ss usto determine the upper limit of predictive accuracy

when considering all possible input data.

Between the two machine learning modelsXi@&B showed higher performance across all accuracy metrics compared to the
RF, although thémprovement weremuch smaller thathe gap between the BN and the machine learning m(Haide 1)

The largest difference betweéme RF and XGB was again in the transition classpsgifically the openingclass where
accuracymproved by 6.6 percentage points over the Bce this class has thmvestsensitivityoverall these improvements
represent a substantial benéditmodel performanc&he improvement in accuracy for transition cases in the XGB model is
likely due to the bodig approach, which builds an ensemble of decision trees that use misclassified cases to sequentially
improve performance. Essentially the model identifies the cases whesrerdrig and trains more decision trees to try and
improve the fit for those misclassified cases. Through this process the XGB model fitting can focus more training effort on
difficult to capture cases ammbtentiallyextract more subtle patterns in the decigieaking process.

While the XGB model performed besith respect to alpredictive accuracy metrics,ishimprovement comes with cost

from the additional feature engineering to prepare dataell asmore complexity and computer resources requioetine

model parameters. Finally, both machine learning models are much less transparent than the BN in terms of understanding tt
pathway to how the models produce their predictions. However, the same techniques for visualizing feature importance an

contributiis of different features to the classification task can be applied to both.
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In comparing the feature importance for the RF to the XGB model there are differences in the exact order of the features, bu
the highest ranked features are largely sin{ifagure 5 & 6) In both models the run list prior is by far the most important
and he snow loading variablém24andhn72are relatively highly ranked in both models. The avalanche hazard assessment
variables are also highly ranked and include in the same order, with treeline (tlabaddi rating maestimportant followed by

alpine (alp_hzd and below treelingbtl_hzd. Both models rank thpercent of tenure observepefc_observedandtotal
number of avalanche observations in 72 hoarolfs num7Ras the most important featgreelated to field avalanche
observationsTerrain claracteristics related to avalanche runout are highly raimkbdth modelshowever the XGB model
ranksthe runout pressure featurfes the frequent and large scenar{opsnout_press, runout_press_1lm@s most important
whereas the RFanksthe runout height featurdsr frequent and large scenarigarfout_height, runout_height_J3ras most
important The primaryaspectfor the RF andhorthnesdor the XGB both approximate the impact of solar radiation and are
relatively highly ranked by feature importance. Although the RF raiskgctas the most important terrain characteristic,
whereasorthnesds the fourth highest ranked terrain characteristic in the XGB mbdé&drms of operational features, the
flight distance flight_dis) is highly ranked in both models.

There are severalotable differencgin features importance between the two machine learning méiisisthe XGB model

ranks the number of days since the run was last skist ¢kiedl as4™ overall, where it is ranked 86n the RF model. The
SHAPvalue plot in Figure 6 shows that high valuetast_skiechave a strong contribution to the overall classification, which
may not be captured in the RF model. In contrast strategic mimdsetgg} is the second most important feature in the RF
model and it is not included in the top 20 features of the XGB model. This is likely due to the fact the strategic méndset wa
dummy coded for the XGB model, ststead of determining the feature importance in aggregate across all lenetslsét

the XGB model considers the importance of each individual level ohihéseffeature. The most important levelsroindset

for the XGB model arstepping outindstepping backwhich are included in the top 20 features for the class sp&tifidP

plots for opeing and closing (Figure 7Pespite these notable differences, the fact that the feature importances are broadly
similar for both machine learning models points to consistency in the alfifitpdelso detecpatternsinthg u i dexidig

making process

4.2 Insights about decisioamaking process

Each of the models presented in this manuscript offer different insights into the dee#iiomy process of professional guides.

The BN illustrates the decisiemaking process gserceived byan expert guide andescribeghe essential factors that are

considered when generating run listhis has the benefit of being directly vetted by domain expleuisthe predictive

accuracyof such a model is likely limited by itelative simplicity compared to the reabrld processAdding more features

and arcs quickly makes the model difficult to manage and underdtimeever, it is possible that the accessibility and

transparency of this model could tm@stbeneficialas a tool fotraining new guides because it illustrates the factors considered
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in the run list coding process and the relationships between the different fadtorswhich-could assist newer guides in
developing a mental model that is in line with the past decisions of the opehataddition, the BN model is likely more
generalizable to other operations because it captures the decision ptarbsggher level of abstraction

In contrast, the machine learning approaches can identifg subtle patterns in the realorld data and determine which
factors have the strongest relationships with past guiding decisions. The notably higher accuracy of the machine leglrning mod
predictionssupportsthe complexity of therealworld decisionmaking processyith a multitude of factors impaicig daily
decisionmaking practicebeyond what is possible to capture in a manually defined degisiding modelThe complexity

of the models required to capture their decisiteiking process to the best of our ability given the data available is a testament
to the complex and dynamic environment that guides operate in.

Interpreting the output of the machine learning models using feature importartgld ARdalue plotsevealghat the patterns
identified by the modelseem to align with practical decisiomaking patterns. The relatively consistent ranking of feature
importance between the RF and XGB models indicate that the models are not detecting spurious relabiatrisimpag in

on specific factors that impact decissamder gparticular sebf conditions. By diving deeper into the contributions of model
features for specific run list codes we can see that the factors that impact the dwalgiom process differ duringtatic

periods versus transition periods whengare more likely to open and close.

4.3 Implications for development of decision support tools

The ultimate goal of ur researchs to develop meaningful and practical tools that have the potential to be integrated into the
realworld decisioamaking process of professional guidéile the academic value of each of these models is laid out in the
manuscriptthere remains a question of whether guides on the grounttwgithe output enoughko that they can add value

to the guiding operatiorA key consideration along these lines is the transparency of the amatlbbw the output compares

to theguides lived experienc&he BN stands above the machine learning approaché&srms of transparency arting
grounded ina representation of theéecisionmaking process ofealworld guides—F, but he decision of which modebt
operationalize is in the handstbk people who aracceptingherealworld risk that these models aim to help mitigate.

In the case of the black box machine learning models,approach tmstil confidence irtheir predictioncould be tdront

load the transparency onto the features used as input to fit the nibdeisles have confidence the data that goes into the
modelsand know that they are trained and evaluated against theireakworld decisiors, then thelack of exact details of
how the predictions are madeay become less importarfor the moded presented herenuch ofthe data originates from
guides on the groundrield observations, hazard assessments, and operational logistics are all extracted diregtlidgsm

or records ofguiding operationsvhich represent theiperspective angbast decisionsQur avalanche terrain modelling

approach was originally tuned against the input of local gyisigkes et al., 2022and we could improve transpareranyd
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confidence irthe terrairmodeldata by providing a web mapping platform for guides to interact with the various terrain layers
andgain an intuitive and personahderstanithg of their strengths and weaknesses.

To apply the models in day to day guiding operations, one approach would be to use the run list classification to populate
web map, with runs color coded according to the run list status the model predicts is most likely based on the curoerst condit
(Figure 8). This would give the guides easy access to the model output without requiring technical knowledge to interpret the
model predictions. Using the model predictions as a post assessment after their morning run list meeting could highlight case
where the guides are making decisions that are opposed to what the historic data from their operationfndicatesore,

providing the guides with the probability esti matight f or

be useful for the guides to determine how confident the model predictions are relative to past-aedigignpdterns.

Additional information captured in the terrain characterization, such as the GPS tracks or clustering results, PRA mipdel outp
and runout model output, could be presented for individual runs to further help guides be on the same page about the avalanc
hazard potential of the terrain in their tenure.

A potential drawback ofising predictive models as decision support tools is the potential to bias guides by revealing the
predicted run list status before they have created their manual assessment. By anchoring their discussion with theutnodel outp
first, a tendency to defauid the model predictions could hamper guides likelihood of having a critical discussion about the
run list. The potential for this type of unintended consequence of adopting decision support tools is a real concefuyland car
consideration of how to apply these tools should include both developers of the tools as well as experienced guides an

operation managers.
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Figure 8: Example visualization of run list codes based on predictions of decisionaking tools. Runs are color coded by run list
‘810 prediction status, with yellow outlined runs indicating a transition from the prior day run list code-

4.4 Limitations

While our analyses offer valuable insights, there are several limitations to consider when interpreting th®ue $odiss on
predictive performance as thenchmark for comparing model performamgsight undervalue the potential applications of
BN for modellingthe run list coding procesSince he data set of observed run list decisioe usel to evaluate performance
815 wasnot validated,t can include errors, biases and inconsisteneisswvell as potentially undesirable practices. While our
analyses assume ttair datasedt large representseaningful decisions, it is difficult if not impossible to assess whether they
were truly ficorrecto decisions. This is an inherent [
objective validation criteria. Under these circumstano®chine learning algorithms will inherently do a better job capturing
the existing patterns iadatasetHowever,decision support tosldeveloped with BN might be theoretically more valid and
820 producemore desirable predictions due to their grounding in a Dih@ddition, there are-huge-numberanany possible
potential DAG designs to capture the run list coding decisioaking processand it is important to remember that esing
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a-DAG-Our BN approach-imodelwasbased on the expertise of osiegle experienced guide and our best assessment of

meaningful relationships within the datdence|t is possible thaalternativeBN designsmay be able to better incorporate

additional variables in the BN and improve predictive performance.

Our analysisalsofocusedexclusivelyon the CMH Galena operatipand our results are therefdneavily affected by the

operational haard assessment and risk managemeattices and the local terraifis a consequencthe models themselves

and theiraccuragesy of-the-models-de@saynot apply to any other guiding tenurésr example, CMH Galena guidds not

explicitly record the aspectependence of avalanche problem characterssicaitlined in the conceml model of avalanche

hazard (Statham et al., 2018Yhich limited our ability to explore the relationship betwdwzard conditions antkrrain

characteristics in more detafonductinga similar study at an operation where these details are recorded progide

additional insight into the run coding process.

Finally, our decision to convert features to numesaduesfor the XGB model was driven by the requirements of the model
and a desire for ease of interpretatigpweveiHence differences in model performance compared to the RF, whichtlised
categorical variables from the BN, may refléetsedifferences in our feature engineering choices and not purely capture the

inherent advantages of the XGB model.

5 Conclusions

Our research aigd to combine avalashe terrain modelling, GPS tracking data, amdhlanche conditions informatido
examine the run coding process and explore the potentialdecisiorsupporttool for mechanized ski guideg/e develop
three decisiosupporttools aimed at capturing the run Ibcess that Canadian mechanized ski guidetousstermine what
terrain is availabldéor guiding eachday. To characterize the importatgcisioamakingfactors,we work closely with local
guides at CMH Galent understand their procedtle applied data which captsreurrent weather and avalanche hazard
conditions, operational consideratigsnand terrain characteristics of each .riMeatherand avalancheconditionswere
extracted from the records of CMH Galena from the 2015/16 winter season through the 2022/23 winte\seaslze
survey datdrom local guides to capturthe general terrain and operational characteristics of the runs included in this study.
To represent the potential avalandkerainseverithazard for each run w simulae avalanche start zones and runout zones
usingstate of the art GlSvalanche dynamics simulatiand remote sensing methd@ihler et al., 2022; Sykes et al., 2022)
The simulations representa differentavalanchescenariosa frequent scenario aimed at smatiegnitudeavalanchevents

that are regularly encounteradd a large scenario aimedcaipturing conditions where persistent weak layers cause larger
and more connected avalanchBs extract the avalanche terraiata and apply it to the decisiomaking models we used GPS
tracks collectedrom guides ovesevenseason$o determine the portion of each run where guides regularly travel. On runs

that areheavily usedwe applya clustering approach to determine the most conservative line within t@sad on terrain
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characteristics and pickup and landing locationfutther refine theportion of the terrain data used in the decisioaking

models.

The three decisiomaking models werdit using BayesiarNetwork (BN), RandomForest(RF), and Extreme Gradient
Boosting(XGB) approachesThe BN washuilt manually in close collaborationith an experienced guide and is based on the
theoretical real world decisiemaking process. The RF and X®re fit on an expanded set of features and were each tuned

to address the class imbalance in the run list classification and to optimize the parameters of th®©werd#|she XGB

model demonstrates the highest predictive performance, with an overall accuB&:@ %f and an area under the receiver
operating curve of 0.9&ll three models struggled fareciselycapturecases where the run list status changed from open to
closed or vice wesg with the XGB having the highesensitivityfor these classes @2.0 % for runs closing and 56.8 % for

runs opening.

While the present research represents a substantial step towards the design of practical decision support tools frah operatio
datasets, a thorough understanding of the practical applications and consideration of unintended side effects is lssy to addre
before operationalizing predictive models. Henegyrie researchshould focus ormow decision support tools such as the
models presented in this manuscript can be applied in a meaningful way to support operationalrdakisgBased on the
methods developed in this manuscriptpandinghe decisiorsupporttools to additional operationgould bea naturalnext
step.However one of the biggest hurdles to applying these metho@anadads the relative lack ofiigh-resolutiondigital
elevation models (DEM). Recent development in automated Avalanche Terrain Exposure Scalen(apgisy(Sykes et

al., 2024; Toft et al., 2024puld provide dow-costalternative to characterizvalanchederrainseverityrazardwithout the

need to invest in developmenthufjh-resolutionDEM data.

While the target of this researgbasdecisionsupporttools for mechanized guiding operations, the methods devekomkbd
lessons leargould be daptedto a wide variety ohssessment ardkcisionmaking tasks in the avalanchafetyfield. One

key takeaway from this study is the importance of working closely with domain experts to develop decision support tools. A
thorough understanding of the decisimaking context and perspective of reairld practitioners is essential for meaningfully
devdoping data sets that can capture the essential features oéd¢tstod process and for creating informed methods to
evaluate predictive model®ne main challenge in developing decisgupporttoolsthat truly addoperationalvalueis the
requirement ofarge data sets which capture multiple seasmkcontain a variety o&valanche conditiondVe encourage
operations who are interested in incorporating decision support tools into their daily practices to invest in the chiglion of

quality operational records that capture the essential factors for their own deuiskimg processes.
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1010

Appendix A1 Variable Table

Table Al: Description of variables included in decision support models. Variable distributions are shown with the mean and
maximum values labelled for numerical variables and all classes labelled for categorical variables.
Full name Abbrev. Description Nature and distribution BN RF XGB
Terrain characteristics of ski run
Probable release pra 95th percentile of start zonepolygon PRAPolygon size in m Categorical Same as BN Original
areamaxsizeT size of the DEM pixels covered by th g sml: 0-10k m? numerical
frequent scenario GPS tracks of a run. Represents & med: 10k-15k m>2 value
exposure of run to largest potential Irg: 15k-20k m?
start zones during periods with g virg: > 2k m?
smaller avalanches ’ I | ‘ Th | 1
- o 13340 '_'_‘32??0
Probable release pra30y 95th percentile of start zone polygon PRAPolygon size in mm Not included Categorical Original
areamaxsizeT size of the DEM pixels covered by th g sml: 0-10k mz numerical
large scenario GPS tracks of a run. Represents " med: 10k-15k m? value
exposure of run to largest potential Irg: 15k-20k m?
start zonesduring periods with larger virg: > 2k m?
avalanches. g ‘
o | == I—I— —I | —H—
a 22980 32770
Probable release pra_mean Mean of start zone polygon size of PRAPolvaon size in m Not included Categorical Original
areameansizeT the DEM pixels covered by the GPS £ vsml: 0-1.5kmz  numerical
frequent scenario tracks of a run. Representsaverage sml: 1.5k-3kmz  value
size ofpotential start zoneson a run med: 3k-4.5k m?
during periods with smaller g | i Irg: 4.5k-8k m2
avalanches. = ( '|-| m virg: > 8k ms
: 20 2850 11880
Probable release pra30y mean Mean of start zone polygon size of PRAPolygon size in m Not included Categorical Original
areameansizeT the DEM pixels covered by the GPS § vsml: 0-1.5kmz  numerical
large scenario tracks of a run. Representaaverage sml: 1.5k-3kmz  value
size ofpotential start zoneson a run | med: 3k-4.5k mz
during periods with larger s Irg: 4.5k-8k m2
avalanches. N ‘ ’7 virg: > & ms
. 1] —
20 5360 16680
Probably release pra_perc Proportion of DEM pixels covered by Numeric value Oto 1  Categorical Same as BN Original
area percent of the GPS tracks on a run that are g low: 070.25 numerical
ski run within probable release areas. . med: 0.2570.4 value
high:0.470.55
gl vhigh:> 0.55
° 70’0 0.‘4 0.‘8
Runout max deptt runout height ~ 95th percentile of RAMMS runout Runout depthinm  Categorical Same as BN Original
T frequent height of the DEM pixels covered by g 0-1m numerical value
scenario the GPS tracks of a run. Represents * 1-15m
exposure of run toavalanche runout B 15-2m
deposition zones during periods with £ [ >2m
smaller avalanches F ‘
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Runout max deptt runout

T large scenario

Runout max
impact pressure T
frequent scenario

Runout max
impact pressure T
large scenario

Forested percent

of skirun

Slope incline max

Aspect most
frequent

Northness mean

height_1m

runout press

runout press_1m

forest_perc

slope

aspect

northness

95th percentile of RAMMS runout
height of the DEM pixels covered by
the GPS tracks of a run. Represents
exposure of run toavalanche runout
deposition zones during periods with
larger avalanches

95th percentile of RAMMS runout
impact pressure of the DEM pixels
covered by the GPS tracks of a run.
Representspotential avalanche
runout size during periods with
smaller avalanches.

95th percentile of RAMMS runout
impact pressure of the DEM pixels
covered by the GPS tracks of a run.
Representspotential avalanche
runout size during periods with large
avalanches.

Proportion of DEM pixels covered by
the GPS tracks on a run that are
within forested areas.

95th percentile ofslope incline of the
DEM pixels covered by the GPS
tracks of a run. Representshe
steepest terrain within the run

The most frequently occurring
(mode) cardinal aspect of the DEM
pixels covered by the GPS tracks of
run. Represents the most prominent
aspect of the run.

The average of the northness values
for each DEM pixel covered by the
GPS tracks of a run. Represents to
degree ofnorthern (1) versus
southern (-1) exposure.
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Runout depthinm  Not included

11000

4000

]

[iki] a6 Th
Impact pressure in kPa Categorical
g low:0 150 kPa

TS

1] B0 170

Impact pressure in kPa Not included

4000

6000

il

1} 2

000

0

|} [le
ad 48

]

Numeric value Oto 1  Categorical
£ —, 0-0.25%
0.25-0.50%
0.50-0.75%
§ Hﬂ‘ ] 0.75-1.0%
kil
- 0.0 08 1.0
Slope incline degrees Categorical
g 0-35°
’ 35-40°
40-45°
g ’ 45-100°
| mid ‘ M.
30 40 80
Cardinal direction Not included

15000 25000

0 5000

[D@D

Numerical value-1to 1 Not included

8OO0

4000

=

Tl

0.8 .2 08

mod:50 1100 kPa
high:100T 150 kP&
vhigh:> 150 kPa

Categorical
0T2.5m
25173.0m
35745 m
>45m

Same as BN

Categorical
low:0 T 100 kPa

Original
numerical value

Original
numerical value

Original
numerical value

mod:1001250 kPa

high: > 250 kPa

Same as BN

Same as BN

Categorical
north: 315- 45°
east: 45-135°
south: 135- 225°
west: 225- 315°

Not included

Original
numerical
value

Original
numerical value

Not included

Original
numerical value



Elevation bands elev

Alpine percent of perc_alp
run

Treeline percent perc_tl
of run

Below treeline  perc_btl
percent of run

Elevation elev_min
minimum

Elevation max  elev_max

The list of elevation bands containin( Elevation bands covered Categorical

at least 10 % of the DEM pixels

covered by the GPS tracks of a run.

Represents the general elevation
characteristics of the run.

Percentage of DEM pixels covered k

GPS tracks above 2250m.

Represents the degree of exposure 1
alpine avalanche conditions for the

run.

Percentage of DEM pixels covered k
GPS tracks between 1850 t@250 m.
Represents the degree of exposure 1
treeline avalanche conditions for the

run.

Percentage of DEM pixels covered k

GPStracks below 1850 m.

Represents the degree of exposure
below treeline avalanche conditions

for the run.

Lowest elevation DEM pixels covere

by GPS tracks.

Highest elevation DEM pixels
covered by GPS tracks.

Nature of snow and avalanche conditions
Total snowfall in cm over the past 3

72 hour new snowhn72

days based on afternoon field

observations.
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mE =

aptl  aptbl  tbl

0 10000 20000 30000

Numerical value 0 to 1

37000

= | i o e e e B
Lk} 0a

Numerical value 0 to 1

10000

3000

0

MJ ‘ | mmf_o

Numerical value 0 to 1

WHMMO

oo 0.4

Elevation in m

10000

3000

[

2000

3000

[

ﬂ\ ‘ HIim
@80 1480 2080

Elevation in m

3000

Yl |

1750 230

Snowfall in cm

}(;’»—Ir‘lﬁa

17000

0 4000

alp, tl
alp, tl, btl
tl, btl

btl

Not included

Not included

Not included

Not included

Not included

Categorical
0cm
1-15cm
15-30cm
30-50 cm
50-100 cm

Same as BN

Not included

Not included

Not included

Not included

Not included

Same as BN

Not included

Original
numerical value

Original
numerical value

Original
numerical value

Original
numerical value

Original
numerical value

Original
numerical value



24 hournew snowhn24

12 hour new snowh2d

Total snowpack hs

height

wind

Wind speed

Precipitation rate precip

Sky cover
percentage

sky

Time of season season

Total snowfall in past 24 hours basei

on afternoon field observations.

Total snowfall over past 1Zhours
based on morning lodge weather
observations.

Total snowpack height as measured

in the field in a representative
treeline location.

Average wind speed based on
afternoon field observations.

Rate of precipitation based on
afternoon field observations.

Portion of sky covered in clouds
based on afternoon field
observations.

13000

0

33000

45000

4000

Snowfall in cm

] ﬂJ Il em -

Snowfall in cm

[ e e

50

o 3

Snow height in cm

25

I‘
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e

i}

Not included

Categorical
0cm
1-5cm
5-15cm
>15cm

Not included

Categorical wind speed Not included

10000 20000 30000

°

L

BD@?

Categorical precip rate Not included

.

0 10000 20000 30000

none light  moderate  heavy

Categorical sky cover Not included

15000

2

General time period of winter seasor

based on date. The represents
operational and snowpack
differences across the season.
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:LL[[ |

GLA FEW SCT BEN OVC X

Categorical season

Categorical
early win:

Nov 157 Jan 4
mid win:

Jan 151 Feb 14
early spring:
Feb 15rMar 14
spring:

Mar 15T Apr 15

Categorical Original

0cm numerical value

1-5cm

5-15cm

15-30cm

30-50 cm

Same as BN Original
numerical value

Categorical Original

0-150 cm numerical value

150-200 cm

200-250 cm

250-300 cm

> 350 cm

Categorical Included as

calm: 0 km/h ordered factor

light: 1- 25 km/h
mod: 26- 40 km/h
strong/extreme: >

40 km/h
Categorical Included as
none ordered factor

light: ST1, RV, RL
moderate: S1, RV
610¢ 2! allk

Included as
ordered factor

Categorical

CLR: no clouds
FEW: < 2/8 clouds
SCT: 2/8- 4/8 clouds
BKN: 4/8- 8/8 clouds
OVC: complete
clouds

X: sky obscured

Included as
ordered factor

Same as BN



Observed axobs size72
avalanche size 72

hours

Observed
avalanche size 1
week

Observed axobs num72
avalanche

number 72 hours

Persistent axlkp
avalanche

likelihood

Persistent axszp
avalanche size
Avalanche axlk
likelihood

Avalanche size axsz

axobs sizeweek

Maximum size of avalanches

observed in the tenure over the past

3 days.

Maximum size of avalanches

observed in the tenure over the past

week.

Totalnumber of avalanches

observed in the tenure over the past

3 days.

Likelihood rating for persistent or

deep persistent avalanches based

on guide hazard assessment.

Potential size of persistent and deep

persistent avalanches based on
guide hazard assessment.

Likelihood rating for non persistent
avalanches based on guide hazard

assessment.

Potential size of non persistent

avalanches based on guide hazard

assessment.
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15000

0 5000

0 10000 25000

24000

.
g
ql "

a 7

15000

§

15000 25000

0 5000

10000 20000 30000

10000 20000 30000

°

Destructive size

il

no_obs d1-1.5 d2-25  d3+

Destructive size

.l

no_obs di-1.5 d2-25 d3+

Total number of
avalanches

Likelihood rating

DEDHD

none unlikely poss likely  vikely

Destructive size

none D225 D335  D4DS

Likelihood rating

|

poss likely  viikely

aim ot

Destructive size

:DDD

DI-15 D225 D335  D4-DS

Ly
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Categorical: Same as BN
no observations

D1-D1.5

D2-D2.5

K D3

Categorical: Same as BN
no observations

D1-D15

D2-D2.5

K D3

Categorical Same as BN
0

1-5

5-10

>10

Categorical Same as BN
none

unlikely

possible

likely

very likely

Categorical Same as BN
none

D2T12.5

D313.5

K D4

Categorical Same as BN
possible

likely

very likely

almost certain

Categorical Same as BN
D111.5
D2T12.5
D313.5

K D4

Included as
ordered factor

Included as
ordered factor

Included as
ordered factor

Included as
ordered factor

Included as
ordered factor

Included as
ordered factor

Included as
ordered factor



Daily max
avalanche hazard

Alpine avalanche alp_hzd

hazard

Treeline
avalanche hazard

Below treeline
avalanche hazard

Strategic mindset mindset

axhzd

tl_hzd

btl_hzd

Maximum avalanche hazard rating o
the elevation bands included in the
run.

Daily avalanche hazard rating for
alpine elevation band. Based on dail
guide hazard assessment.

Daily avalanche hazard rating for
treeline elevation band. Based on
daily guide hazard assessment.

Daily avalanche hazard rating for
below treeline elevation band. Basec
on daily guide hazard assessment.

Daily strategic mindset determined
through consensus at the daily
guides meeting.

Operational characteristics of ski run

Run list code

runlist

Run list codefor the run as
determined at the daily guides
meeting.
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Avalanche hazard ratingCategorical
low
moderate
considerable
high
extreme

=

3 4 5

hazard ratingNot included

|

1 2 3 4 5

Avalanche hazard ratingNot included

L

15000 25000

0 5000
L

/

1 2 3 4 5

Avalanche hazard ratingNot included

il

Strategic mindset

10000 20000 30000

Not included

25000
|

15000
1

I

l

I

f

[

d
o L]
op

Run list status Categorical
closing
g status black
57 status red
status green
g opening
el -
& "?f f{& 4@&:3 &

Not included

Categorical
low
moderate
considerable
high
extreme

Categorical
low
moderate
considerable
high
extreme

Categorical
low
moderate
considerable
high

Categorical
High alert
Entrenchment
Initial assessment
Assessment
Maintenance
Reassessment
Status quo
Stepping back
Stepping out
Spring diurnal
Open season

Same as BN

Not included

Included as
ordered factor

Included as
ordered factor

Included as
ordered factor

Included as
dummy coded
factor

Same as BN



Prior run list coderunlist_y

Run accessibility access_gen

Landing access_land

accessibility

Exchange day exchange

Flight distance  flight

Days since last  last_skied

skied

Operational role op_role

Run list code from the prior day as
determined by theprior daily guides
meeting.

General accessibility of the run as
determined by an online survey
completed by CMH Galena guides.

General accessibility of the landing
for the run as determined by an
online survey completed by CMH
Galenaguides.

Binary variable indicating whether
the day of the week is a typical day
when guides and guests are
exchanged. Impactoperational
logistics and decision-making.

Distance from lodge to ski run by
typical flight path. Impacts run
accessibility and usefrequency.

Number of days since the run was
used for guiding.

Whether the run serves a specific
role within the operation, such as a
destination run or lunch run. This
impacts how frequently runs are
used due tooperational logistics.
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30000

30000 50000

0 10000

13000

5000

o

700

5000

30000

0 10000

Run list code

black green red

Accessibility rating

aways  lineup  often perfect

Landing access

minimal reasonable well

Binary classification

normal exchange

Distance in km

2 14 30

Number of days

2 L] 132

Binary classification

no yes

Categorical
black
green

red

Not included

Not included

Not included

Categorical
near: 0T5 km
mid: 51715 km
far: 15725 km
vfar: > 25 km

Not included

Categorical
no
yes

Same as BN

Categorical
always
lineup
often
perfect

Categorical
minimal
reasonable
well

Categorical
normal
exchange

Same as BN

Categorical
or7

7714
14730
>30

Same as BN

Included as
dummy coded
factor

Included as
ordered factor

Included as
ordered factor

Included as
binary factor

Original
numerical value

Original
numerical value

Included as
binary factor



Percent of tenure perc_obs

observed

Skier mitigation  ski_traf

Ski quality

ski_quality

What percentage of the tenure was
observed by guides in the field the
prior day.

Whether the operation uses skier
traffic to destroy surficial weak layers
prior to becoming buried. This
created a modifiedsnowpack and
lowers likelihood of persistent
avalanches.

Guides perspective of the quality of
the skiing experience on the run as
determined by an online survey

completed by CMH Galena guides.

50000 0 5000 24000

30000

0 10000

Percentage of tenure Not included

1]

14

75

Binary classification

donot

maintain

Ski quality rating

poorfair

good

very-except

Categorical
do not maintain
maintain

Not included

Categorical
none

115%
57110%

10T 25%
25750%
50T 100%

Same as BN

Categorical
poor - fair
good

very good-
excellent

Original
numerical value

Included as
binary factor

Included as
ordered factor

48



Appendix B i Confusion Matrix Output
Bayesian Network

1015 Table B1: Bayesian Network confusion matrix.

Reference
Closing Status black Status red Status green Opening
Closing 431 230 118 391 106
Prediction Status black 445 2692 124 163 250
Status red 40 68 4347 162 627
Status green 519 70 103 15240 68
Opening 113 150 335 122 340
Table B2: Bayesian Network @erall Statistics
Accuracy 0.8457
95% ClI (0.8414, 0.85)
No Information Rate 0.5899
P-Value [Acc > NIR] <2.2el6
Kappa 0.7419
Mc nemar 604aliBe s | <2.2el6
Table B3: Bayesian Network tatistics by Class
Closing Status black Status red Status green Opening
Sensitivity 0.27842 0.83863 0.8647 0.9479 0.24443
Specificity 0.96713 0.95916 0.9596 0.9320 0.97216
PosPred Value 0.33777 0.73272 0.8289 0.9525 0.32075
Neg Pred Value 0.95700 0.97803 0.9691 0.9255 0.95988
Precision 0.33777 0.73272 0.8289 0.9525 0.32075
Recall 0.27842 0.83863 0.8647 0.9479 0.24443
F1 0.30224 0.78210 0.8465 0.9502 0.27744
Prevalence 0.05680 0.11778 0.1844 0.5899 0.05104
Detection Rate 0.01581 0.0877 0.1595 0.5592 0.01248
Detection Prev 0.04682 0.13481 0.1924 0.5871 0.03889
BalancedAcc 0.62278 0.89889 0.9122 0.9399 0.60829
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Random Forest

Table B4: Random Forest onfusion matrix

Reference
Closing Status black | Status red Status green | Opening
Closing 905 77 0 334 62
Prediction Status black 137 2090 0 0 119
Status red 0 0 3935 0 430
Status green 191 0 0 11663 0
Opening 51 44 246 0 615
1020 Table B5: Random Forest werall statistics
Accuracy 0.9191
95% ClI (0.9153, 0.9227)
No Information Rate 0.574
P-Value [Acc > NIR] < 2.2el6
Kappa 0.8682
Mc ne mar 6 4/aliee| NA
Table B6: Random Forest fatistics by class
Closing Statusblack Status red Status green Opening
Sensitivity 0.70483 0.9453 0.9412 0.9722 0.50163
Specificity 0.97589 0.9863 0.9743 0.9785 0.98267
Pos Pred Value 0.65675 0.8909 0.9015 0.9839 0.64331
Neg Pred Value 0.98059 0.9935 0.9851 0.9631 0.96936
Precision 0.65675 0.8909 0.9015 0.9839 0.64331
Recall 0.70483 0.9453 0.9412 0.9722 0.50163
F1 0.67994 0.9173 0.9209 0.9780 0.56370
Prevalence 0.06144 0.1058 0.2001 0.5740 0.05866
Detection Rate 0.04330 0.1000 0.1883 0.5581 0.02943
Detection Prev 0.06594 0.1123 0.2089 0.5672 0.04574
BalancedAcc 0.84036 0.9658 0.9577 0.9754 0.74215
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Extreme Gradient Boosting

Table B7: XGB canfusion matrix

51

Reference
Closing Status black | Statusred Status green | Opening
Closing 901 50 0 153 50
Prediction Status black 74 2058 0 0 102
Status red 0 0 3990 0 378
Status green 236 0 0 11844 0
Opening 40 39 287 0 696
1025 Table B8: XGB overall statistics
Accuracy 0.9326
95% ClI (0.9291, 0.9359)
No Information Rate 0.5741
P-Value [Acc > NIR] < 2.2el6
Kappa 0.8891
Mc ne mar 6 4/aliee| NA
Table B9: XGB datistics by class
Closing Status black Status red Status green Opening
Sensitivity 0.72022 0.95855 0.9329 0.9872 0.56770
Specificity 0.98712 0.99061 0.9773 0.9735 0.98139
Pos Pred Value 0.78076 0.92122 0.9135 0.9805 0.65537
Neg Pred Value 0.98227 0.99523 0.9826 0.9826 0.97328
Precision 0.78076 0.92122 0.9135 0.9805 0.65537
Recall 0.72022 0.95855 0.9329 0.9872 0.56770
F1 0.74927 0.93951 0.9231 0.9838 0.60839
Prevalence 0.05986 0.10274 0.2047 0.5741 0.05867
Detection Rate 0.04311 0.09848 0.1909 0.5668 0.03330
Detection Prev 0.05522 0.10690 0.2090 0.5780 0.05082
BalancedAcc 0.85367 0.97458 0.9551 0.9804 0.77455
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Appendix C 1T SHAP value plots

SHAP value plots for all classification levels
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Figure C12: SHAP value summary plot with features ranked by feature importance relative to the overall classification on the-y
axis, SHAP value on the xaxis, and the relative value of the individual features shown with color coded points.
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1035 SHAP value plots for run closing
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Run Closing
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1040 SHAP value plots for status black
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1045 SHAP value plots for status red

. = N o N P 1 i dlli]
< . £ H "
T e T 'q T o 1
W - W — W
2 =] 7]
T T T T T T T T T T Rl T T T T T T T T T T
0.0 0z 04 06 08 10 aa 02 04 06 0o 0z 04 06 08 1.0 0 20 40 60 80 100 120
runlist_prior_red runiist_prior_black runlist_prior_green last_skied
a7 o~ |
%5 Nt el 27 AR T i ; (-
2] b % o Lot — T U
3 oeow i+ 2 =7 I it L
521 !—lﬁlﬂllllmhfﬁ*‘wd---‘ i 5 il j Sl !
T T T T i, T T T T T T T e T T T T T T T T T T
o 50 100 150 100 150 200 250 300 350 400 450 o 20 40 60 80 a 100 200 300 400 500
runout_press hs hn72 runout_press_1im
. ™
w ] ; i
5] 33 s B 227 ] 2 | F
T | E] B T "4 P gl | 7 } dmeds il i
@ o] @ - g» - . 3o N _‘Iﬂiwhﬂmlﬂi!ﬂ' i @] m‘_‘_hw’piqﬁ‘mllllﬂwlﬂhlq’
- . T g
T T T T T A T T T T b T T T T T T
o 1 2 3 4 0 1 2 3 4 o 2 4 6 -05 0a a5
alp_hzd persistent_likelihood runout_height_1m northness
=] e
= i ]
8 - il - a . - o e g
N mm Fw] i Z - fi : 4 —_—
T 1 i W ﬁi =7 i 4 n - R i i iz —
B ™ B 3 s B 3 H—He T 8
Mo T T T T T W T T T T T T < T T T T T T T T T T
0.0 05 10 15 2.0 25 1800 2000 2200 2400 2600 2800 5 10 15 20 25 30 0.0 02 04 LX) 08 10
runout_height elev_max fiight_dist mindset_Stepping Out
= : ] " ] =
o=l i o i | i o 2 e ™
z - i ﬂ <L = HP‘-uf‘ﬂ—.—H_‘_T4+ ] £ 7 i IR CETRRIIEE N R
T Sl R 4 i T I t I T AR i HATT ] T - bl s
a7 M! b H“‘“H"m“lﬂ ik | @ wd ] wﬁr“*i{ﬁﬂﬁilﬂ‘““’ fir D7 g s i
E S} b v i ld i - !
b T T T T T T T T T o T T T T T T T T T T
00 02 04 06 [X:] 1.0 0 20 40 60 0.0 02 04 06 08 1000 1200 1400 1600 1800 2000
forest perc_observed pra_dist elev_min
W _ 1
a 14! [ H il o i fi o
o= | [N o= il : =<
| 23 I‘|H+H Fii |H|*-’1-~Hﬂ‘l’*¢ 323 bt | 3
9] b 0 PRI LT
T T T T T T T A T T T T T
50 0 5 10 15 20 25 00 02 04 06 08 1.0
axobs num72 perc_ tl
“ 5 2 jf —
2 2] i i
o iy .,li.\qmﬁmj}lliu#ﬂi"‘ﬂﬁ !
G T T T T T S T T T T T T T T T T T T T T T
0.0 02 04 06 08 10 0 5000 10000 15000 0 2000 4000 6000 8000 10000 1 2 3 4 5
mindset_Stepping Back pra30y_mean pra_mean sky

58



Status Red

runlist_prior_black = ]

runlist_prior_graen -

last_skied - .

runout_press -

hs-

hn72 -

rumout_press_1m-

alp_hzd -

persisient_likelinood -

runoul_height_1m =

norhness -

Feature Name:

runout_height -
elev_max -

flight_dist -
mindset_Stepping Qut -
lorest =
perc_observed -
pra_dist-

elev_min -

hn24 -

Figure C48: SHAPs u mmar y

pl ot

R s aa

2 0
Shapley Value
for top 20 features by

59

Feature Value
High

feature

mportanc



1050 SHAP value plots for status green
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1055 SHAP value plots for run opening
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Figure C612 SHAPs ummary pl ot for top 20 features by feature i mportani
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