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Appendix — A

Attribute Selection
‘Hilter

Iﬂ"ﬂ & weka.gui.GenericObjectEditor

w

‘Current relation

Relation: sl
Instances: 10 [ About

*
-Attributes —— | A supenvised attribute filter that can be used to select

weka. filters. supervised. attribute, AttributeSelection

T
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I: Capabilities 1

Mo, evaluator | Choose ”InquainA.ttrihuteEval |
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Figure A: 1 Information Gain Attribute Evaluation
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Preprocess Classify Cluster Assocate Selectattributes  yisualize

rAttribute Evaluator

| Choose ||InfoGainnttrihuteEvaI

rSearch Method

| Choose  Ranker -T -1,7976931348623157E305 -N -1

rAttribute Selection Mode —————— - Attribute selection output

(®) Use full training set

Search Method:

(O Cross-validation Folds |10 Attribute ranking.

Seed |1

Attribute Evaluator (supervised, Class (nominal): 19 Result):

(Mom) Result V Information Gain Ranking Filter

Stop Ranked attributes:

0.857¢ & ScoreQrTarget
0.6628 2 GroundID

0.55% 7 ParnershipPlayers
0.337 12 51PtsBrokenBawlerID
0.2752 18 BRequiredRunRate
0.1923 17 Bemainingrun

0.1438 TeamID

0.1071 IsDayMatch

0.0%44 11 CutReason

0.0451 14 RemaningWickets

~Result list (right-dlick for options) —
12:00:43 - Ranker + InfoGainAttributeEval

o

0.04%31 8 WicketNo

0.041 5 Inninglo

0.0222 3 IsWonIoss

a 16 CurrentBunRate

0 15 RemainingOver

1] 10 WicketFallingRun
0 13 WicketFallingOwver
1] 9 PartnershipRuns

Selected attributes: ¢,2,7,12,1%,17,1,4,11,14,%,5,3,16,15,10,13,9 : 18

Figure A: 2 Attribute Selection
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Appendix - B
Backend Data Module Implementation

Model Browser * 1 X
Type here to search P

4 % dbDataModelMew.edmx -
4 Diagrams
SR {Dicgrami
‘I; GroundView
#3 SIPlayersView
"Is TeamsView
4 & dbCricDataModel
4 [ Entity Types
3 ‘13 GroundYiew
b *3 SIPlayersView
[ ‘I; TeamsView
4 B Complex Types
42 spGetGroundAssociations_Result
% spGetlast2VearGrounds_Result
4? spGetlast?YearOppositions_Result
4# spGetOpponentBawlingAssociatoin_Result
42 spGetOpponentPlayers Result
% spGetSIBawlingStatics_Result
42 spGetWinLostDataAccordingToGround_Result
4# spGetWinlLostDataAccordingToOpponenet_Re:
42 spGetWinlLostGroundBatFrst_Result
% spGetWinLostGroundBatSecnd_Result
B Enum Types
B Associations
4 [ Function Imports

[ spGetGroundissociations 7
4 [

Appendix B: 1 Entity Framework Model Browser

A A A A

37



MatchTypes Players
¥ MatchTypelD § PayedD
batch Typehame JearmilD)
Shorthame
FullMams
TS 3 - DatelfBarth
G TeamiD Matches Totalbdatch Played
Teambiame 7 MatchiD ~ s
e MatchTypell
MatchDate
Teaam 110
Teamail PlayeriD2 ~
sHome PlaryeriD 1
e Ground P AutclD
= Teain Teamils Partners
TomDecsion Whtshio
Team1Runs Runs
Team2Runz Runrate
‘Winning TeamiD b Owers
In'Wicket
Outiicioet

Appendix B: 2 Back-End Database Diagram
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Model Evaluation Summary

Time taken to build model: 0 seconds

=== Stratified cross-validation ===

Appendix - C

=== Summary ===

Correctly Classified Instances 54 9g§.1818

Incorrectly Classified Instances 1 8182 %

Kappa statistic 0.59364

Mean absolute error 0.0216

Root mean squared error 0.1371

Relative absclute error T.0812 %

Root relative sguared error 35.5068 %

Total Number of Instances 55

=== Detailed Accuracy By Class ===

TP Rate FP Rate Precision Recall F-Measure OC Area Class

0.9 0 1 0.9 0.947 0.978 Won
1 0.1 0.978 1 0.98% 0.978 Lost

Weighted Awvg. 0.882 0.082 0.932 0.982 0.881 0.978

Appendix C: 1 Naive Bayes Model Creation Summary

Classifier output

Size of the tree

Time taken to build model:

0 seconds

=== Stratified cross-validation ===

Appendix C: 2 Decision Tree Model Creation Summary
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=== Summary ===

Correctly Classified Instances 77 47.4684 %

Incorrectly Classified Instances 2 2.531¢6 %

Kappa statistic 0.8217

Mean absolute error 0.0253

Eoot mean squared error 0.143

Relative absolute error 7.38596 %

Boot relative squared error 34.7324 %

Total Number of Instances 74

=== Detailed Accuracy By Class ===

TP Rate FP Rate Precision Becall F-Measure ROC Area Class

0.88 0 1 0.88 0.4938 0.g998 Won
1 0.11% 0.9g9 1 0.984 0.g998 Lost

Weighted RAwyg. 0.4875 0.082 0.4975 0.4875 0.4974 0.998



Time taken to build model:

Stratified cross-validation

Summary =—=

Correctly Classified Instances 6l 77.2152 %

Incorrectly Classified Instances 15 22,7848 %

Kappa statistic 0.0379

Mean absclute error 0.225

Root mean squared error 0.34589

Relative absclute error 65.666 %

Boot relative sguared error 24,7424 %

Total Number of Instances 749

=== Detailed Lccuracy By Class ===

TP Rate FF Rate Precision Recall F-Measure ROC

0.05% 0.032 0.333 0.059 0.1 0.
0.968 0.941 0.78% 0.%68 0.87 0

Weighted Rwvyg. 0.772 0.748 0.891 0.772 0.704 0.
Appendix C: 3 AdaBoost Model Creation Summary

Time taken to build model: 0.02 seconds

=== Stratified cross-validation ===

=== Summary ===

Correctly Classified Instances 37 T2.1515 %

Incorrectly Classified Instances 22 2T7.8481 %

Kappa statistic -0.0453

Mean absolute error 0.2%69

Boot mean squared error 0.37497

Relative abksolute error 56.6652 %

Boot relative sguared error 492.221 3%

Total Number of Instances T4

=== Detaliled Rccuracy By Class =—=

TF Rate FF Rate Frecision Recall F-Measure ROC

0.05% 0.0587 0.143 0.05% 0.083 0
0.903 0.941 0.778 0.903 0.836 0

Weighted Awvg. 0.722 0.754% 0.641 0.722 0.674 0.

0 seconds

[ e o

Erea

-1

-1

Appendix C: 4 RandomForest Model Creation Summary
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Time taken to build model: 0.02 seconds

=== Stratified cross-validation ===

=== Summary =—=

Correctly Classified Instances 55 69.68203 %
Incorrectly Classified Instances 24 30.3787 %
Kappa statistic -0.1435

Mean absolute error 0.3e592

Root mean sguared error 0.4811

Relative absclute error 107.7€08 %

Root relatiwve sguared error 111.%5925 §%

Total Number of Instances 79

=== Detailed Accuracy By Class ===

IF Rate FP Rate Precision Recall F-Measure OC Area
0 0.113 0 0 0 0.4
0.287 1 0.764 0.2887 0.2821 0.402
Weighted Lwvg. 0.65¢ 0.208 0.8 0.656 0.644 0.402

Appendix C: 5 Bagging Model Creation Summary
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Appendix - D

CRIC-Win Predictor Tool Test Result

Home Team Opposition Ground

Sri Lanka v India v Dharamsala v

¥ Toss Win.? © Batting First @ FieldFirst # Is D/Night Match..?

@ Team - 511 Lanka SetTeam Set Pamership @ Team - India Set Team Set Pamership

las Winning Percentage 51% & Winning Percentage 49%

Updated today 8:54 PM Updated today 8:54 PM

Appendix D: 1 SL vs India Match Outcome

Winning Prediction

Home / Dashbo

WicketNo Player1 Player2 Partnership

4 v MK Pandey v SS lyer v 8

Home Team

Total Runs Qvers Target

Sri Lanka ] Predict
¥ Toss Win.? ©
SetTeam Set Parnership SetTeam Set Parnership

& Winning Percentage 75% |8 Winning Percentage 15%
AT OIRRRRROSANSRRRY ENANNN
Updated today 8:54 PM Updated today 8:54 PM

Appendix D: 2 1st Inning 4th Wicket Partnership

Coarch far |

Winning Prediction

Home / Dashboa

WicketNo Player1 Player2 Partnership

HH Pandya o2

Home Team

Total Runs Owers Target
Sri Lanka r

28 15.2 0 Set

Toss Win..2 ©

3 Team - Sri Lanka

SetTeam Set Parnership

SetTeam Set Pamnership

4 Winning Percentage 73% I8 Winning Percentage 27%
AT NN RNRNRNY ENAANNNNNY
Updated today 8:54 PM Updated today 8:54 PM

Appendix D: 3 1st Inning 6th Wicket Partnership
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Canrch far

Winning Prediction

Home / Dashbog

Partnership

Home Team

Total Runs Overs Target

1z 38.2

=1
wn
2zl

¥ Toss Win.? ©

SetTeam Set Parnership SetTeam Set Parnership

I Winning Percentage 85% I Winning Percentage 15%
EANMANMAN MMM LALLM RN NANY ANN\N
Updated today 8:54 PM Updated today 8:54 PM

Appendix D: 4 1st Inning Last Wicket Partnership

Canerh far

Winning Prediction

Home / Dashboa
Wicketho Player

Partnership

Home Team

Total Runs vers Target

Toss Win..? ©

SetTeam Set Parnership SetTeam Set Parnership

It Winning Percentage 87% It Winning Percentage 13%
EANAMAAMAAMAA MMM A LA A MMM LANNN
Updated today &:54 PM Updated today &:54 PM

Appendix D: 5 2nd Inning 3rd Wicket Partnership
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Appendix - E

Code Snippet

static void Main(string[] args)
{

Entities db = new Entities();

List<SIPartnership> IstSIMatch2017 = new List<SIPartnership>();

HtmlWeb hw = new HtmIWeb();

HtmIDocument hDoc =
hw.Load(@"http://stats.espncricinfo.com/ci/engine/stats/index.html?class=2;home_or_away=
1;host=8;result=1;result=2;spanmin1=14+Jan+2008;spanval 1=span;team=8;template=results;
type=allround;view=results");

HtmINodeCollection rows =
hDoc.DocumentNode.SelectNodes("//*[@id=\"ciHomeContentlhs\"]/div[3]/table[3]/tbody/tr"
);

for (inti=1;i<=rows.Count; i++)

{

HtmINodeCollection columns =
hDoc.DocumentNode.SelectNodes(string.Format("//*[@id=\"ciHomeContentlhs\"]/div[3]/tab
le[3)/tbody/tr + "[" + "{O}" + "]" + " /td", i));

SlPartnership obj = new SIPartnership
{
Partners = columns[0].InnerText,
WKktsNo = columns[1].InnerText,
Runs = columns[2].InnerText,
Overs = columns[3].InnerText,
Runrate = columns[4].InnerText,
InWicket = columns[3].InnerText,
OutWicket = columns[4].InnerText,
FirstOrSecndInning = columns[5].InnerText,
Opposition = columns[7].InnerText,
Ground = columns[8].InnerText,
MatchStart = columns[9].InnerText,
IsDayMatch = false,
IsWinMatch = false,
IsWonToss = false

/1stSIMatch2017.Add(obj);

¥

db.SIPartnership.AddRange(IstSIMatch2017);
db.SaveChanges();

Appendix E: 1 Web Cricket Data Scraping

44



HomeServices objHomeServices;
public ActionResult Home()
{

ViewBag.sIPlayerGrid = BGrid.CreateBGrid<SIPlayersView>("sIPlayerGrid",
GetFirstApprovalPendingGridModel(), new List<SIPlayersView>(), new GridOptions() {
EditOption = false, EditFunctionName = "edit" });

ViewBag.OppPlayerGrid = BGrid.CreateBGrid<SIPlayersView>("OppPlayerGrid",
GetFirstApprovalPendingGridModel(), new List<SIPlayersView>(), new GridOptions() {
EditOption = false, EditFunctionName = "edit" });

return View();

¥

public JsonResult GetTeams(bool isOverall)

{
objHomeServices = new HomeServices();
var reslt = objHomeServices.GetTeamData(isOverall);
return Json(reslt, JsonRequestBehavior.AllowGet);

}

public JsonResult getOpponentPlayers(bool isOverall,int TeamID)

{
objHomeServices = new HomeServices();
var reslt = objHomeServices.GetOpponentAllPlayers(isOverall, TeamID);
return Json(reslt, JsonRequestBehavior.AllowGet);

}

public JsonResult GetGronds(bool isOverall)

{
objHomeServices = new HomeServices();
var reslt = objHomeServices.GetGrounds(isOverall);
return Json(reslt, JsonRequestBehavior. AllowGet);

¥

public JsonResult GetGroundAssociations(string GroundID)

{

objHomeServices = new HomeServices();
var reslt = objHomeServices.GetGroundAssocations(GroundID);
return Json(reslt, JsonRequestBehavior. AllowGet);

¥

public JsonResult GetOppositionBawlingAssociations(string TeamID)

{

objHomeServices = new HomeServices();
var reslt = objHomeServices.GetOppositionBawlingAssociations(TeamID);
return Json(reslt, JsonRequestBehavior.AllowGet);

}
Appendix E: 2 Fetch Data from Backend Module
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public WinLostCountView GetGroundWiseBattingSecns(int groundID)
{
try

{
db = new dbCricDataEntities();

List<spGetWinLostDataAccordingToGround_Result> Ist =

db.spGetWinLostDataAccordingToGround(groundID).ToList();
WinLostCountView objWinlossView = new WinLostCountView();
foreach (var item in Ist)

if (item.Result == "Won")

if (item.Count == 0)

{
objWinlossView.WinCount = 0;

}

else

{
objWinlossView.WinCount = Convert. Tolnt16(item.Count);

¥
}

else if (item.Result == "Lost")
if (item.Count == 0)

objWinlossView.LossCount = 0;

}

else

{

objWinlossView.LossCount = Convert.Tolnt16(item.Count);

}

}
if (Ist.Count == 0)

{

objWinlossView.LossCount = 0;
objWinlossView.LossCount = 0;

}

return objWinlossView;

¥

catch (Exception)

throw new Exception("Run Time Error Occured™);

¥
¥

Appendix E: 3 Backend Service Module code Snippet
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package OdiPredict;

import javax.jws.WebService;

import javax.jws.WebMethod;

import javax.jws.WebParam;

import weka.classifiers.Classifier;

import weka.core.Instances;

import weka.core.converters.ConverterUtils;

/**

*

* @author Dinesh

*/

@WebService(serviceName = "last2yearsOverall™)
public class last2yearsOverall {

@WebMethod(operationName = "NaiveBayersLasttwoYearsSIOverallMatchPredict™)
public String NaiveBayersLasttwoYearsSIOverallMatchPredict(String modelFileSerialized,
String testFileARFF)
throws Exception
{
/I Deserialize the classifier.
Classifier classifier =
(Classifier) weka.core.SerializationHelper.read(
modelFileSerialized);

// Load the test instances.
Instances testInstances = ConverterUtils.DataSource.read(testFileARFF);

/I Mark the last attribute in each instance as the true class.
testInstances.setClassindex(testInstances.numAttributes()-1);

int numTestInstances = testinstances.numinstances();
/I System.out.printf("There are %d test instances\n", numTestInstances);

//Loop over each test instance.
String reslt =",
for (inti = 0; i < numTestInstances; i++)

I/ Get the true class label from the instance's own classindex.
String trueClassLabel =
testInstances.instance(i).toString(testInstances.classindex());

/l Make the prediction here.
double predictionindex =
classifier.classifylnstance(testinstances.instance(i));

I/l Get the predicted class label from the predictionindex.
String predictedClassLabel =
testInstances.classAttribute().value((int) predictionindex);

Il Get the prediction probability distribution.

double[] predictionDistribution =
classifier.distributionForInstance(testinstances.instance(i));
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reslt += "ID:"+Integer.toString(i) +","+"Prediction:"+predictedClassLabel.toString()+",";
/ISystem.out.printIn(i+ trueClassLabel.toString()+ predictedClassLabel.toString());

// Print out the true label, predicted label, and the distribution.
I System.out.printf("%5d: true=%-10s, predicted=%-10s, distribution=",
/! i, trueClassLabel, predictedClassLabel);

/l Loop over all the prediction labels in the distribution.

for (int predictionDistributionindex = 0;
predictionDistributionindex < predictionDistribution.length;
predictionDistributionindex++)

/I Get this distribution index's class label.
String predictionDistributionIndexAsClassLabel =
testinstances.classAttribute().value(
predictionDistributionIndex);

I/ Get the probability.
double predictionProbability =
predictionDistribution[predictionDistributionIndex];

reslt +="Probability
"+predictionDistributionindexAsClassLabel.toString()+":"+Double.toString(Math.round(pred
ictionProbability * 100D) / 100D)+" ,";
}

reslt +="\n";

}

return reslt;

¥
¥

Appendix E: 4 Weka APl Web Service Code Snippet
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