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Chapter1

IntroductiontoRandRStudio

TheRProjectforStatisticalComputing,orsimplynamedR,isafreesoftware environmentforstatisticalcomputingandgraphics.Itisalsoaprogramming languagethatiswidelyusedamongstatisticiansanddataminersfordeveloping statisticalsoftwareanddataanalysis.Overthelastfewyears,theywerejoined byenterpriseswhodiscoveredthepotentialofR,aswellastechnologyvendors thatofferRsupportorR-basedproducts.

Althoughthereareotherprogramminglanguagesforhandlingstatistics,Rhas becomethedefactolanguageofstatisticalroutines,offeringapackage repositorywithover6400problem-solvingpackages.Itisalsooffersversatile andpowerfulplotting.Italsohastheadvantageoftreatingtabularandmulti-dimensionaldataasalabeled,indexedseriesofobservations.Thisisagame changerovertypicalsoftwarewhichisjustdoing2Dlayout,likeExcel.

Inthischapterwe’llcoverthefollowingtopics:


•IntroductiontoRStudio

•Creatingvariablesandassigningdata

•Usingvectorsandfactors

•Usinglists

•Usingdataclasses

•Loopingstatements

•Decisionsupportstatements

•Usingfunctions

•Introductiontotidyverse


IntroductiontoRStudio

Thereareanumberofintegrateddevelopmentenvironments(IDE)thatyoucan usetowriteRcodeincludingVisualStudioforR,Eclipse,RConsole,and RStudioamongothers.Youcouldalsouseaplaintexteditoraswell.However, we’regoingtouseRStudiofortheexercisesinthisbook.RStudioisafree,open sourceIDEforR.Itincludesaconsole,syntax-highlightingeditorthatsupports directcodeexecution,aswellastoolsforplotting,history,debuggingand workspacemanagement.



RStudioisavailableinopensourceandcommercialeditionsandrunsonthe desktop(Windows,Mac,andLinux)orinabrowserconnectedtoRStudio ServerorRStudioServerPro(Debian/Ubuntu,RedHat/CentOS,andSUSE

Linux).

AlthoughtherearemanyoptionsforRdevelopment,we’regoingtouseRStudio fortheexercisesinthisbook.YoucangetmoreinformationonRStudioat https://www.rstudio.com/products/rstudio/

TheRStudioInterface

TheRStudioInterface,displayedinthescreenshotbelow,looksquitecomplex initially,butwhenyoubreaktheinterfacedownintosectionsitisn’tso overwhelming.We’llcovermuchoftheinterfaceinthesectionsbelow.Keepin mindthoughthattheinterfaceiscustomizablesoifyoufindthedefaultinterface isn’texactlywhatyoulikeitcanbechanged.You’lllearnhowtocustomizethe interfaceinalatersection.

TosimplifytheoverviewofRStudiowe’llbreaktheIDEintoquadrantstomake iteasiertoreferenceeachcomponentoftheinterface.Thescreenshotbelow illustrateseachofthequadrants.We’llstartwiththepanesinquadrant1and workthrougheachofthequadrants.

FilesPane–(Q1)

TheFilespanefunctionslikeafileexplorersimilartoWindowsExplorerona WindowsoperatingsystemorFinderonaMac.Thistab,displayedinthe screenshotbelow,providesthefollowingfunctionality: 1.Deletefilesandfolders

2.Createnewfolders

3.Renamefolders

4.Foldernavigation

5.Copyormovefiles

6.Setworkingdirectoryorgotoworkingdirectory

7.Viewfiles

8.Importdatasets

PlotsPane–(Q1)

ThePlotspane,displayedinthescreenshotbelow,isusedtoviewoutput visualizationsproducedwhentypingcodeintotheConsolewindoworrunninga script.Plotscanbecreatedusingavarietyofdifferentpackages,butwe’ll primarilybeusingtheggplot2packageinthisbook.Onceproduced,youcan zoomin,exportasanimage,orPDF,copytotheclipboard,andremoveplots.

Youcanalsocannavigatetopreviousandnextplots.



PackagesPane–(Q1)

ThePackagespane,showninthescreenshotbelow,displaysallcurrently installedpackagesalongwithabriefdescriptionandversionnumberforthe package.Packagescanalsoberemovedusingthexicontotherightofthe versionnumberforthepackage.Clickingonthepackagenamewilldisplaythe helpfileforthepackageintheHelptab.Clickingonthecheckboxtotheleftof thepackagenameloadsthelibrarysothatitcanbeusedwhenwritingcodein theConsolewindow.



HelpPane–(Q1)

TheHelppane,showninthescreenshotbelow,displayslinkedhelp documentationforanypackagesthatyouhaveinstalled.



ViewerPane–(Q1)

RStudioincludesaViewerpanethatcanbeusedtoviewlocalwebcontent.For example,webgraphicsgeneratedusingpackageslikegoogleVis,htmlwidgets, andRCharts,orevenalocalwebapplicationcreatedwithShiny.However,keep inmindthattheViewerpanecanonlybeusedforlocalwebcontentintheform ofstaticHTMLpageswritteninthesession’stemporarydirectoryoralocally runwebapplication.TheViewerpanecan’tbeusedtoviewonlinecontent.

EnvironmentPane–(Q2)

TheEnvironmentpanecontainsalistingofvariablesthatyouhavecreatedfor thecurrentsession.Eachvariableislistedinthetabandcanbeexpandedto viewthecontentsofthevariable.Youcanseeanexampleofthisinthe screenshotbelowbytakingalookatthedfvariable.Therectanglesurrounding thedfvariabledisplaysthecolumnsforthevariable.



Clickingthetableicononthefar-rightsideofthedisplay(highlightedwiththe arrowinthescreenshotabove)willopenthedatainatabularviewerasseenin thescreenshotbelow.



OtherfunctionalityprovidedbytheEnvironmentpaneincludesopeningor savingaworkspace,importingdatasetfromtextfiles,Excelspreadsheets,and variousstatisticalpackageformats.Youcanalsoclearthecurrentworkspace.

HistoryPane–(Q2)

TheHistorypane,showninthescreenshotbelow,displaysalistofall commandsthathavebeenexecutedinthecurrentsession.Thistabincludesa numberofusefulfunctionsincludingtheabilitytosavethesecommandstoafile orloadhistoricalcommandsfromanexistingfile.Youcanalsoselectspecific commandsfromtheHistorytabandsendthemdirectlytotheconsoleoranopen script.YoucanalsoremoveitemsfromtheHistorypane.



ConnectionsPane–(Q2)

TheConnectionstabcanbeusedtoaccessexistingorcreatenewconnectionsto ODBCandSparkdatasources.



SourcePane–(Q3)

TheSourcepaneinRStudio,seeninthescreenshotbelow,isusedtocreate scripts,anddisplaydatasetsAnRscriptissimplyatextfilecontainingaseries ofcommandsthatareexecutedtogether.Commandscanalsobewrittenlineby linefromtheConsolepaneaswell.WhenwrittenfromtheConsolepane,each lineofcodeisexecutedwhenyouclicktheEnter(Return)key.However,scripts areexecutedasagroup.

Multiplescriptscanbeopenatthesametimewitheachscriptoccupyinga separatetabasseeninthescreenshot.RStudioprovidestheabilitytoexecutethe entirescript,onlythecurrentline,orahighlightedgroupoflines.Thisgivesyou alotofcontrolovertheexecutionthecodeinascript.





TheSourcepanecanalsobeusedtodisplaydatasets.Inthescreenshotbelow,a dataframeisdisplayed.Dataframescanbedisplayedinthismannerbycalling theView(<dataframe>)function.

ConsolePane–(Q4)

TheConsolepaneinRStudioisusedtointeractivelywriteandrunlinesofcode.

EachtimeyouenteralineofcodeandclickEnter(Return)itwillexecutethat lineofcode.AnywarningorerrormessageswillbedisplayedintheConsole 



windowaswellasoutputfromprint()statements.

TerminalPane–(Q4)

TheRStudioTerminalpaneprovidesaccesstothesystemshellfromwithinthe RStudioIDE.Itsupportsxtermemulation,enablinguseoffull-screenterminal applications(e.g.texteditors,terminalmultiplexers)aswellasregular command-lineoperationswithlineeditingandshellhistory.

Therearemanypotentialusesoftheshellincludingadvancedsourcecontrol operations,executionoflong-runningjobs,remotelogins,andsystem administrationofRStudio.

TheTerminalpaneisunlikemostoftheotherfeaturesfoundinRStudiointhat it’scapabilitiesareplatformspecific.Ingeneral,thesedifferencescanbe categorizedaseitherWindowscapabilitiesorother(Mac,Linux,RStudio Server).

CustomizingtheInterface

Ifyoudon’tlikethedefaultRStudiointerface,youcancustomizethe appearance.Todoso,gotoTool|Options(RStudio|PreferencesonaMac).

Thedialogseeninthescreenshotbelowwillbedisplayed.



ThePaneLayouttabisusedtochangethelocationsofconsole,sourceeditor, andtabpanes,andsetwhichtabsareincludedineachpane.



MenuOptions

TherearealsoamultitudeofoptionsthatcanbeaccessedfromtheRStudio menuitemsaswell.Coveringtheseitemsindepthisbeyondthescopeofthis book,butingeneralherearesomeofthemoreusefulfunctionsthatcanbe accessedthroughthemenus.

1.Createnewfilesandprojects

2.Importdatasets

3.Hide,show,andzoominandoutofpanes

4.Workwithplots(save,zoom,clear)

5.Settheworkingdirectory

6.Saveandloadworkspace

7.Startanewsession

8.Debuggingtools

9.Profilingtools

10.Installpackages

11.Accesshelpsystem

You’lllearnhowtousevariouscomponentsoftheRStudiointerfaceaswemove throughtheexercisesinthebook.

InstallingRStudio

Ifyouhaven’talreadydoneso,nowisagoodtimetodownloadandinstall RStudio.ThereareanumberofversionsofRStudio,includingafreeopen sourceversionwhichwillbesufficientforthisbook.Versionsarealsoavailable forvariousoperatingsystemsincludingWindows,Mac,andLinux.

1.Gotohttps://www.rstudio.com/products/rstudio/download/findRStudiofor Desktop,theOpenSourceLicenseversion,andfollowintheinstructionsto downloadandinstallthesoftware.

Inthenextsectionwe’llexplorethebasicprogrammingconstructsoftheR

languageincludingthecreationandassigningofdatatovariables,aswellasthe datatypesandobjectsthatcanbeassignedtovariables.

InstallingtheExerciseData

Thisisintendedasahands-onexercisebookandisdesignedtogiveyouas muchhandsoncodingexperiencewithRaspossible.Manyoftheexercisesin thisbookrequirethatyouloaddatafromafile-baseddatasourcesuchasaCSV

file.Thesefileswillneedtobeinstalledonyourcomputerbeforecontinuing withtheexercisesinthischapteraswellastherestofthebook.Pleasefollow theinstructionsbelowtodownloadandinstalltheexercisedata.

1.Inawebbrowsergoto

https://www.dropbox.com/s/5p7j7nl8hgijsnx/IntroR.zip?dl=0.

2.ThiswilldownloadafilecalledIntroR.zip.

3.Theexercisedatacanbeunzippedtoanylocationonyourcomputer.After unzippingtheIntroR.zipfileyouwillhaveafolderstructurethatincludesIntroR

asthetop-mostfolderwithsub-folderscalledDataandSolutions.TheData foldercontainsthedatathatwillbeusedintheexercisesinthebook,whilethe SolutionsfoldercontainssolutionfilesfortheRscriptthatyouwillwrite.

RStudiocanbeusedonWindows,Mac,orLinuxsoratherthanspecifyinga specificfoldertoplacethedataIwillleavetheinstallationlocationuptoyou.

Justrememberwhereyouunzipthedatabecauseyou’llneedtoreferencethe locationwhenyousettheworkingdirectory.

4.ForreferencepurposesIhaveinstalledthedatatothedesktopofmyMac computerunderIntroR\Data.Youwillseethislocationreferencedatvarious locationsthroughoutthebook.However,keepinmindthatyoucaninstallthe dataanywhere.

Exercise1:Creatingvariablesandassigningdata

IntheRprogramminglanguage,likeotherlanguages,variablesaregivenaname andassigneddata.Eachvariablehasanamethatrepresentsitsareainmemory.

InR,variablesarecasesensitivesousecareinnamingyourvariableand referringtothemlaterinyourcode.

TherearetwowaysthatvariablescanbeassignedinR.Inthefirstcodeexample below,avariablenamedxiscreated.Theuseofalessthansignimmediately followedbyadashthenprecedesthevariablename.Thisistheoperatorusedto assigndatatoavariableinR.Ontheright-handsideofthisoperatoristhevalue beingassigntothevariable.Inthiscase,thevalue10hasbeenassignedtothe variablex.ToprintthevalueofavariableinRyoucansimpletypethevariable nameandthenclicktheEnterkeyonyourkeyboard.

x<-10

x

[1]10

Theotherwayofcreatingandassigningdatatoavariableistousetheequal sign.Inthesecondcodeexamplewecreateavariablecalledyandassignthe value10tothevariable.Thissecondmethodofcreatingandassigningdatatoa variableisprobablymorefamiliartoyouifyou’veusedotherlanguageslike PythonorJavaScript.

y=10

y

[1]10

IntheRprogramminglanguage,likeotherlanguages,variablesaregivenaname andassigneddata.Eachvariableisanamedareainthecomputer’smemory.In R,variablesarealsocasesensitivesousecareinnamingyourvariablesand referringtothemlaterinyourcode.Inthisexerciseyou’lllearnhowtocreate variablesinRandassigndata.1.OpenRStudioandfindtheConsolewindow.It shouldbeontheleft-hand sideofyourscreenatthebottom.

2.Thefirstthingyou’llneedtodoissettheworkingdirectoryfortheRStudio session.Theworkingdirectoryforallchaptersinthisbookwillbethelocation whereyouinstalledtheexercisedata.Pleasereferbacktothesection Installing ExerciseData forexercisedatainstallationinstructionsifyouhaven’talready completedthisstep.

Theworkingdirectorycanbesetbytypingthecodeyouseebelowintothe ConsolepaneorbygoingtoSession|SetWorkingDirectory|Choose DirectoryfromtheRStudiomenu.Youwillneedtospecifythelocationofthe IntroR\Datafolderwhereyouinstalled setwd(<installationdirectoryforexercisedata>)

3.AsImentionedintheintroductiontothisexercise,therearetwowaysto createandassigndatatovariablesinR.We’llexaminebothinthissection.First, createavariablecalledxandassignthevalue10asseenbelow.Noticetheuse ofthelessthansign(<)followedimmediatelybyadash(-).Thisoperatorcanbe usedtoassigndatatoavariable.Thevariablenameisontheleft-handsideof theoperator,andthedatawe’reassigningtothevariableisontheright-hand sideoftheoperator.

Note:Thescreenshotbelowdisplaysaworkingdirectoryof~/Desktop/

IntroR/Data/whichmayormaynotbeyourworkingdirectory.Thisissimply theworkingdirectorythatI’vedefinedformyRStudiosessiononaMac computer.Thiswilldependentirelyonwhereyouinstalledtheexercisedatafor thebookandtheworkingdirectoryyouhavesetforyourRStudiosession.





4.Thesecondwayofcreatingavariableistousetheequalsign.Create asecondvariableusingthismethodasseeninthescreenshotbelow.Assignthe valueasy=20.Iwillusetheequalsignthroughoutthebookinfutureexercises sinceitisusedinotherprogramminglanguagesandiseasiertounderstandand type.However,youarefreetouseeitheroperator.

5.Finally,createathirdvariablecalledzandassignitthevalueofx+y.The variablesx,y,andzhaveallbeenassignednumericdata.VariablesinRcanbe assignedothertypesofdataaswellincludingcharacters(alsoknownasstrings), Booleans,andanumberofdataobjectsincludingvectors,factors,lists,matrices, dataframes,andothers.



6.Thethreevariablesthatyou’vecreated(x,y,andz)areallnumericdatatypes.

Thisshouldbeself-explanatory,butanynumber,includingintegers,floating point,andcomplexnumbersareinherentlydefinedasnumericdatatypes.

However,ifyousurroundanumberwithquotesitwillbeinterpretedbyRasa characterdatatype.

7.Youcanviewthevalueofanyvariablesimplybytypingthevariablenameas seeninthescreenshotbelow.Dothatnowtoseehowitworks.Typingthename ofavariableandclickingtheEnter\Returnkeywillimplicitlycalltheprint() function.





8.

Thesamethingcanbeaccomplishedusingtheprint()functionasseenbelow.

9.VariablesinRarecasesensitive.Toillustratethis,createanewvariablecalled myNameandassignitthevalueofyournameasIhavedoneinthescreenshot below.Inthiscase,sincewe’veenclosedthevaluewithquotes,Rwillassignit asacharacter(string)datatype.Anysequenceofcharacters,whethertheybe letters,numbers,orspecialcharacters,willbedefinedasacharacterdatatypeif surroundedbyquotes.

NoticethatwhenItypethenameofthevariable(withthecorrectcase)itwill reportthevalueassociatedwiththevariable,butwhenItypemyname(all lowercase)itreportsanerror.Eventhoughthenameisthesamethecasingis different,soyoumustalwaysrefertoyourvariablenameswiththesamecase thattheywerecreated.





10.Toseealistofallvariablesinyourcurrentworkspaceyoucantypethe ls()function.Dothatnowtoseealistofallthevariablesyouhavecreatedinthis session.EachvariableanditscurrentvalueisalsodisplayedintheEnvironment paneontheright-handsideofRStudio.

11.Therearemanydatatypesthatcanbeassignedtovariables.Inthisbrief exerciseweassignedbothcharacter(string)andnumericdatatovariables.As wedivefurtherintothebookwe’llexamineadditionaldatatypesthatcanbe assignedtovariablesinR.Thesyntaxwillremainthesamethoughnomatter whattypeofdataisbeingassignedtoavariable.

12.Youcancheckyourworkagainstthesolutionfile

Chapter1_1.R.

Exercise2:Usingvectorsandfactors

InR,avectorisasequenceofdataelementsthathavethesamedatatype.

Vectorsareusedprimarilyascontainerstylevariablesusedtoholdmultiple valuesthatcanthenbemanipulatedorextractedasneeded.Thekeythoughis thatallthevaluesmustbeofthesametype.Forexample,allthevaluesmustbe numeric,character,orBoolean.Youcan’tincludeanysortofcombinationof datatypes.

TocreateavectorinRyoucallthec()functionandpassinalistofvaluesofthe sametype.Aftercreatingavectorthereareanumberofwaysthatyoucan examine,manipulate,andextractdata.Inthisexerciseyou’lllearnthebasicsof workingwithvectors.

1.OpenRStudioandfindtheConsolepane.Itshouldbeontheleft-handsideof yourscreenatthebottom.

2.IntheRConsolepanecreateanewvectorasseeninthecodeexamplebelow.

Thec()functionisusedtocreatethevectorobject.Thisvectoriscomposedof characterdatatypes.Rememberthatallvaluesinthevectormustbeofthesame datatype.

layers<-c(‘Parcels’,‘Streets’,‘Railroads’,‘Streams’,‘Buildings’) 3.Getthelengthofthevectorusingthelength()function.Thisshouldreturna valueof5.

length(layers)[1]5

4.Youcanretrieveindividualitemsfromavectorbypassinginanindex number.RetrievetheRailroadsvaluebypassinginanindexnumberof3,which correspondstothepositionalorderofthisvalue.Risa1basedlanguagesothe firstiteminthelistoccupiesposition1.

layers[3][1]“Railroads”

5.Youcanextractacontiguoussequenceofvaluesbypassingintwoindex numbersasseenbelow.

layers[3:5]

[1]“Railroads”“Streams”“Buildings”

6.Valuescanberemovedfromavectorbypassinginanegativeintegerasseen below.ThiswillremoveStreams

fromthevector.

layers

[1]“Parcels”“Streets”“Railroads”“Streams”“Buildings”layers[-4]

[1]“Parcels”“Streets”“Railroads”“Buildings”

7.Createasecondvectorcontainingnumbersasseenbelow.

layerIds<-c(1,2,3,4)

8.Inthisnextstepwe’regoingtocombinethelayersandlayerIdsvectorsintoa singlevector.You’llrecallthatalltheitemsinavectormustbeofthesamedata type.Inacaselikethiswhereonevectorcontainscharactersandtheother numbers,Rwillautomaticallyconvertthenumberstocharacters.Enterthe followingcodetoseethisinaction.

layerIds<-c(1,2,3,4)

combinedVector<-c(layers,layerIds)

combinedVector

[1]“Parcels”“Streets”“Railroads”“Streams”“Buildings”[6]“1”“2”“3”“4”

9.Nowlet’screatetwonewsetsofvectorstoseehowvectorarithmeticworks.

Addthefollowinglinesofcode.

x<-c(10,20,30,40,50)y<-c(100,200,300,400,500)

10.Nowaddthevaluesofthevectors.

x+y

[1]110220330440550

11.Subtractthevalues.

y-x

[1]90180270360450

12.Multiplythevalues.

10*x

[1]100200300400500

20*y

[1]200040006000800010000

13.YoucanalsousethebuiltinRfunctionagainstthevaluesofavector.Enter thefollowlinesofcodestoseehowthebuilt-infunctionswork.

sum(x)[1]150

mean(y)

[1]300

median(y)[1]300

max(y)[1]500min(x)[1]10

14.AFactorisbasicallyavectorbutwithcategories,soitwilllookfamiliarto you.GoaheadandcleartheRConsolebyselectingtheEditmenuitemandthen ClearConsoleinRStudio.

15.Addthefollowingcodeblock.Notethatyoucaneasilyuselinecontinuation inRsimplybyselectingtheEnter(Return)keyonyourkeyboard.Itwill automaticallyaddthe“+”atthebeginningofthelineindicatingthatitissimply acontinuationofthelastline.

land.type<-factor(c(“Residential”,“Commercial”,“Agricultural”,

“Commercial”,“Commercial”,“Residential”),levels=c(“Residential”,

“Commercial”))

table(land.type)land.type

ResidentialCommercial23

16.Nowlet’stalkaboutorderingoffactors.Theremaybetimeswhenyouwant toordertheoutputofthefactor.Forexample,youmaywanttoordertheresults bymonth.Enterthefollowingcode: mons<-c(“March”,“April”,“January”,“November”,“January”,+

“September”,“October”,“September”,“November”,“August”,+“January”,

“November”,“November”,“February”,“May”,“August”,+“July”,

“December”,“August”,“August”,“September”,“November”,+“February”,

“April”)

mons<-factor(mons)

table(mons)mons

AprilAugustDecemberFebruaryJanuaryJuly241231

MarchMayNovemberOctoberSeptember11513

17.Theoutputislessthandesirableinthiscase.Itwouldbepreferabletohave themonthslistedintheorderthattheyoccurduringtheyear.Creatingan orderedfactorresolvesthisissue.Addthefollowingcodetoseehowthisworks.

mons<-factor(mons,levels=c(‘January’,‘February’,‘March’,+‘April’,‘May’,

‘June’,‘July’,‘August’,‘September’,+‘October’,‘November’,’December’), ordered=TRUE)

table(mons)

mons

JanuaryFebruaryMarchAprilMayJune

321210JulyAugustSeptemberOctoberNovemberDecember

143151

Creatinganorderedfactorresolvesthisissue.Inthenextexerciseyou’lllearn howtouselists,whicharesimilarinmanywaystovectorsinthattheyarea containerstyleobject,butasyou’llseetheydifferinanimportantwayaswell.

YoucancheckyourworkagainstthesolutionfileChapter1_2.R.

Exercise3:Usinglists

Alistisanorderedcollectionofelements,inmanywaysverysimilartovectors.

However,therearesomeimportantdifferencesbetweenalistandavector.With listsyoucanincludeanycombinationofdatatypes.Thisdiffersfromotherdata structureslikevectors,matrices,andfactorswhichmustcontainthesamedata type.Listsarehighlyversatileandusefuldatatypes.AlistinRactsasa containerstyleobjectinthatitcanholdmanyvaluesthatyoustoretemporarily andpulloutasneeded.

1.CleartheR

ConsolebyselectingtheEditmenuitemandthenClearConsoleinRStudio.

2.Listscanbecreatedthroughtheuseofthelist()function.It’salsocommonto callafunctionthatreturnsalistvariableaswell,butforthesakeofsimplicityin thisexercisewe’llusethelist()functiontocreatethelist.

Eachvaluethatyouintendtoplaceinsidethelistshouldbeseparatedbya comma.Thevaluesplacedintothelistcanbeofanytype,whichdiffersfrom vectorsthatmustallbeofthesametype.Addthecodeyouseebelowinthe Consolepane.

my.list<-list(“Streets”,2000,“Parcels”,5000,TRUE,FALSE) Inthisexamplealistcalledmy.list

hasbeencreatedwithanumberofcharacter,numeric,andBooleanvalues.

3.Becauselistsarecontainerstyleobjectsyouwillneedtopullvaluesoutofa

listatvarioustimes.Thisisdonebypassinganindexnumberinsidesquare brackets,withtheindexnumberonereferringtothefirstvalueinthelist,and eachsuccessivevalueoccupyingthenextindexnumberinorder.However, accessingitemsinalistcanbealittleconfusingasyou’llsee.Addthefollowing codeandthenwe’lldiscuss.

my.list[2][[1]]

[1]2000

Theindexnumber2isareferencetothesecondvalueinthemy.listobject, whichinthiscaseisthenumber2000.However,whenyoupassanindex numberinsideasinglepairofsquarebracesitactuallyreturnsanotherlist object,thistimewithasinglevalue.Inthiscase,2000istheonlyvalueinthe list,butitisalistobjectratherthananumber.

4.Nowaddthecodeyouseebelowtoseehowtopullouttheactualvaluefrom thelistratherthanreturninganotherlistwithasinglevalue.

my.list[[2]]

Inthiscasewepassavalueof2insideapairofsquarebraces.Usingtwosquare bracesoneithersideoftheindexnumberwillpulltheactualvalueoutofthelist ratherthanreturninganewlistwithasinglevalue.Inthiscase,thevalue2000is returnedasanumericvalue.Thiscanbealittleconfusingthefirstfewtimesyou seeandusethis,butlistsareacommonlyuseddatatypeinRsoyou’llwantto makesureyouunderstandthisconcept.

5.Theremaybetimeswhenyouwanttopullmultiplevaluesfromalistrather thanjustasinglevalue.Thisiscalledlistslicingandcanbeaccomplishedusing syntaxyouseebelow.Inthiscasewepassintwoindexnumbersthatindicatethe startingandendingpositionofthevaluesthatshouldberetrieved.Trythison yourown.

new.list<-my.list[c(1,2)]new.list

[[1]]

[1]“Streets”

[[2]]

[1]2000

6.Thisreturnedanewlistobjectstoredinthevariable

new.list.Usingbasiclistindexingyoucanthenpullavalueoutofthislist.

new.list[[2]][1]2000

7.Youcangetthenumberofitemsinalistbycallingthelength()function.This willreturnthenumberofvaluesinthelist,notincludinganynestedlists.Calling thelength()functioninthisexerciseonthemy.listvariableshouldproducea resultof6.

length(my.list)

8.Finally,theremaybetimeswhenyouareuncertainifavariableisstoredasa vectororalist.Youcanusetheis.list()function,whichwillreturnaTRUEor FALSEvaluethatindicateswhetherthevariableisalistobject.

is.list(my.list)[1]TRUE

9.Youcancheckyourworkagainstthesolutionfile

Chapter1_3.R.

Exercise4:Usingdataclasses

Inthisexercisewe’lltakealookatmatricesanddataframes.AmatrixinRisa structureverysimilartoatableinthatithascolumnsandrows.Thistypeof structureiscommonlyusedinstatisticaloperations.Amatrixiscreatedusingthe matrix()function.Thenumberofcolumnsandrowscanbepassedinas argumentstothefunctiontodefinetheattributesanddatavaluesofthematrix.A matrixmightbecreatedfromthevaluesfoundintheattributetableofafeature class.However,keepinmindthatallthevaluesinthematrixmustofthesame datatype.

DataframesinRareverysimilartotablesinthattheyhavecolumnsandrows.

Thismakesthemverysimilartomatrixobjectsaswell.Instatistics,adataset willoftencontainmultiplevariables.Forexample,ifyouareanalyzingreal estatesalesforanareatherewillbemanyfactorsincludingincome,jobgrowth, immigration,andothers.

Theseindividualvariablesarestoredasthecolumnsinadataframe.Dataframes aremostcommonlycreatedbyloadinganexternalfile,databasetable,orURL

containingtabularinformationusingoneofthemanyfunctionsprovidedbyR

forimportingadataset.Youcanalsomanuallyenterthevalues.Whenmanually enteringthedatatheRconsolewilldisplayaspreadsheetstyleinterfacethatyou canusetodefinethecolumnnamesaswellastherowvalues.Rincludesmany built-indatasetsthatyoucanuseforlearningpurposesandthesearestoredas dataframes.

1.OpenRStudioandfindthe

Consolepane.Itshouldbeonthebottom,lefthandsideofyourscreen.

2.Let’sstartwithmatrices.IntheRConsolecreateanewmatrixasseeninthe codeexamplebelow.Thec()functionisusedtodefinethedatafortheobject.

Thismatrixiscomposedofnumericdatatypes.Rememberthatallvaluesinthe matrixmustbeofthesamedatatype.

matrx<-matrix(c(2,4,3,1,5,7),nrow=2,ncol=3,byrow=TRUE)matrx

[,1][,2][,3][1,]243

[2,]157

3.Youcannamethecolumnsinamatrix.Addthecodeyouseebelowtoname yourcolumns.

colnames(matrx)<-c(“POP2000”,“POP2005”,“POP2010”)POP2000

POP2005POP2010

[1,]243

[2,]157

4.Nowlet’sretrieveavaluefromthematrixwiththecodeyouseebelow.The formatis

matrix(row,column).

matrx[2,3]

POP2010

7

5.Youcanalsoextractanentirerowusingthecodeyouseebelow.Herewejust providearowvaluebutnocolumn.

matrx[2,]

POP2000POP2005POP2010157

6.Oryoucanextractanentirecolumnusingtheformatyouseebelow.

matrx[,3][1]37

7.Youcanalsoextractmultiplecolumnsatatime.

matrx[,c(1,3)]



POP2000POP2010

[1,]23

[2,]17

8.Youcanalsoaccesscolumnsorrowsbynameifyouhavenamedthem.

matrx[,“POP2005”][1]45

9.Youcanusethe

colSums(),colMeans()orrowSums()

functionsagainstthedataaswell.

colSums(matrx)

POP2000POP2005POP2010

3811

>colMeans(matrx)

POP2000POP2005POP2010

1.54.05.5

10.Nowwe’llturnourattentiontoDataFrames.CleartheRconsoleand executethedata()functionasseenbelow.Thisdisplaysalistofallthesample datasetsthatarepartofR.Youcanuseanyofthesedatasets.

11.Forthisexercisewe’llusetheUSArrestsdataframe.Addthecodeyousee belowtodisplaythecontentsoftheUSArrestsdataframe.



12.Next,we’llpulloutthedataforallrowsfromtheAssaultcolumn.

USArrests$Assault

[1]2362632941902762041102383352114612024911356

115

[17]109249833001492557225917810910225257159285

254

[33]337451201511591061742798618820112048156145

81

[49]53161

13.Avaluefromaspecificrow,columncombinationcanbeextractedusingthe



codeseenbelowwheretherowisspecifiedasthefirstoffsetandthecolumnis thesecond.ThisparticularcodeextractstheassaultvalueforWyoming.

USArrests[50,2][1]161

14.Ifyouleaveoffthecolumnitwillreturnallcolumnsforthatrow.

USArrests[50,]

MurderAssaultUrbanPopRapeWyoming6.81616015.6

ThesampledatasetsincludedwithRaregoodforlearningpurposes,butof limitedusefulnessbeyondthat.You’regoingtowanttoloaddatasetsthatare relevanttoyourlineofwork,andmanyofthesedatasetshaveatabularstructure thatisconducivetothedataframeobject.Mostofthesedatasetswillneedtobe loadedfromanexternalsourcethatmaybefoundindelimitedtextfiles, databasetables,webservices,andothers.You’lllearnhowtoloadtheseexternal datasetsusingRcodeinalaterchapterofthebook,butasyou’llseeinthisnext exerciseyoucanalsousetheRStudiointerfacetoloadthemaswell.15.In RStudiogototheFilemenuandselectImportDataset|FromText (readr).Thiswilldisplaythedialogseeninthescreenshotbelow.We’lldiscuss thereadrpackageinmuchmoredetailinafuturechapter,butthispackageis usedtoefficientlyreadexternaldataintoadataframe.

16.UsetheBrowsebuttontobrowsetotheStudyArea.csvfilefoundintheData



folderwhereyouinstalledtheexercisedataforthisbook.TheStudyArea.csvfile isacommaseparatedlistofwildfiresfrom1980-2016fortheWesternUnited States.

Thedatawillbeloadedintoapreviewwindowasseenbelow.Therearea numberofimportoptionsalongwiththecodethatwillbeexecuted.Youcan leavethedefaultvaluesinthiscase.

17.ClickImportfromthisImportTestDatadialog.Thiswillloadthedata intoadataframe(technicallycalledaTibbleintidyverse)calledStudyArea.It willalsousetheView()functiontodisplaytheresultsinatabularview displayedinthescreenshotbelow.



18.Messages,warnings,anderrorsfromtheimportwillbedisplayedinthe Consolewindow.Youcanignorethesemessagesfornow.We’lldiscussthemin moredetailinalaterchapter.



ThisStudyAreadataframecanthenbeusedfordataexplorationand visualization,whichwe’llcoverinfuturechapters.

19.YoucancheckyourworkagainstthesolutionfileChapter1_4.R.

Exercise5:Loopingstatements

Loopingstatementsaren’tusedasmuchinRastheyareinotherlanguages becauseRhasbuiltinsupportforvectorization.Vectorizationisabuilt-in structurethatautomaticallyloopsthroughadatastructurewithouttheneedto writeloopingcode.However,theremaybetimeswhenyouneedtowrite loopingcodetoaccomplishaspecifictaskthatisn’thandledbyvectorizationso youneedtounderstandthesyntaxofloopingstatementsinR.We’lltakealook atasimpleblockofcodethatloopsthroughtherowsinadataframe.

Forloopsareusedwhenyouknowexactlyhowmanytimestorepeatablockof code.Thisincludestheuseofdataframeobjectsthathaveaspecificnumberof rows.Forloopsaretypicallyusedwithvectoranddataframestructures.

1.Forthisbriefexercisewe’llusetheStudyAreadataframethatyouimported fromanexternalfileinthelastexercise.YouwillalsolearnhowtocreateanR

scriptandlearnhowtoexecutethescript.Ascriptissimplyaseriesof commandsthatarerunasagroupratherthanenteringandrunningyourcode onelineatatimefromtheConsolewindow.

2.CreateanewRscriptbygoingtoFile|NewFile|RScriptfromtheRStudio interface.

3.SavethefilewithanameofChapter1_5.R.Youcanplacethescriptfile whereveryou’dlike,butitisrecommendedthatyousaveittoyourfolderwhere yourexercisedataisloaded.

4.AddthefollowinglinesofcodetotheChapter1_5.R

script.

for(firein1:nrow(StudyArea)){print(StudyArea[fire,“TOTALACRES”])

}

5.Runthecodebyselecting

Code|RunRegion|RunAllfromtheRStudiomenuorbyclickingtheSource buttononthescripttab.

Thiswillproduceastreamofdatathatlookssimilartowhatyouseebelow.You willwanttostoptheexecutionofthisscriptafteritbeginsdisplayingdata becauseoftheamountofdataandtimeitwilltaketoprintoutallthe information.TheforloopsyntaxassignseachrowfromtheStudyAreadata frametoavariablecalledfire.Thetotalnumberofacresburnedforeachfireis thenprinted.

#Atibble:1x1TOTALACRES

<dbl>

10.100

#Atibble:1x1

TOTALACRES

<dbl>

13.

#Atibble:1x1

TOTALACRES

<dbl>

10.500

#Atibble:1x1

TOTALACRES

<dbl>

10.100

#Atibble:1x1

TOTALACRES

<dbl>

AsImentionedearlier,youwon’toftenneedtouseforloopsinRbecauseofthe builtinsupportforvectorization,butsoonerorlateryou’llrunintoasituation whereyouneedtocreatetheseloopingstructures.

6.Youcancheckyourworkagainstthesolutionfile

Chapter1_5.R.

Exercise6:Decisionsupportstatements–if|else

Decisionsupportstatementsenableyoutowritecodethatbranchesbasedupon specificconditions.Thebasicif|elsestatementinRisusedfordecisionsupport.

Basically,ifstatementsareusedtobranchcodebasedonatestexpression.Ifthe testexpressionevaluatestoTRUE,thenablockofcodeisexecuted.Ifthetest evaluatestoFALSEthentheprocessingskipsdowntothefirstelseifstatement oranelsestatementifyoudon’tincludeanyelseifstatements.

Eachif|elseif|elsestatementhasanassociatedcodeblockthatwillexecute whenthestatementevaluatestoTRUE.CodeblocksaredenotedinRusing curlybracesasseeninthecodeexamplebelow.

Youcanincludezeroormoreelseifstatementsdependingonwhatyou’re

attemptingtoaccomplishinyourcode.IfnostatementsevaluatetoTRUE, processingwillexecutethecodeblockassociatedwiththeelsestatement.

1.Inthisexercisewe’llbuildontheloopingexercisebyaddinginanif|

elseif|elseblockthatdisplaysthefirenamesaccordingtosize.2.Createanew RscriptbygoingtoFile|NewFile|RScriptfromtheRStudiointerface.

3.SavethefilewithanameofChapter1_6.R.Youcanplacethescriptfile whereveryou’dlike,butitisrecommendedthatyousaveittoyourfolderwhere yourexercisedataisloaded.

4.Copyandpastetheforloopyoucreatedinthelastexerciseandsavedtothe Chapter1_5.RfileintoyournewChapter1_6.R

file.

for(firein1:nrow(StudyArea)){print(StudyArea[fire,“TOTALACRES”])

}

5.Addtheif|elseifblockyouseebelow.Thisscriptloopsthroughalltherows intheStudyAreadataframeandprintsoutmessagesthatindicatewhenafire hasburnedmorethanthespecifiednumberofacresforeachcategory.

for(firein1:nrow(StudyArea)){

if(StudyArea[fire,“TOTALACRES”]>100000){

print(paste(“100KFire:“,StudyArea[fire,“FIRENAME”],sep=“”))

}

elseif(StudyArea[fire,“TOTALACRES”]>75000){

print(paste(“75KFire:“,StudyArea[fire,“FIRENAME”],sep=“”))

}elseif(StudyArea[fire,“TOTALACRES”]>50000){

print(paste(“50KFire:“,StudyArea[fire,“FIRENAME”],sep=

“”))

}

}

6.RunthecodebyselectingCode|RunRegion|RunAllfromtheRStudio menuorbyclickingtheSourcebuttononthescripttab.Thescriptshouldstart producingoutputintheConsolepanesimilartowhatyouseebelow.

[1]“50KFire:PIRU”

[1]“100KFire:CEDAR”

[1]“50KFire:MINE”

[1]“100KFire:24COMMAND”

[1]“50KFire:RANCH”

[1]“75KFire:HARRIS”

[1]“50KFire:SUNNYSIDETURNOFF”[1]“100KFire:Range12”

7.Youcanoptionallyaddanelseblockattheendthatwillprintamessagefor anyfirethatisn’tgreaterthan50,000acres.Mostofthefiresinthisdatasetare lessthan50,000soyou’llseealotofmessagesthatindicatethisifyouaddthe elseblockbelow.

for(firein1:nrow(StudyArea)){

if(StudyArea[fire,“TOTALACRES”]>100000){

print(paste(“100KFire:“,StudyArea[fire,“FIRENAME”],sep=“”))}

elseif(StudyArea[fire,“TOTALACRES”]>75000){

print(paste(“75KFire:“,StudyArea[fire,“FIRENAME”],sep=“”))}

elseif(StudyArea[fire,“TOTALACRES”]>50000){

print(paste(“50KFire:“,StudyArea[fire,“FIRENAME”],sep=“”))}

else{

print(“NotaMEGAFIRE”)

}

}

8.Youcancheckyourworkagainstthesolutionfile

Chapter1_6.R.

Exercise7:Usingfunctions

Functionsareagroupofstatementsthatexecuteasagroupandareaction-orientedstructuresinthattheyaccomplishsomesortoftask.Inputvariablescan bepassedintofunctionsthroughwhatareknownasparameters.Anothername forparametersisarguments.Theseparametersbecomevariablesinsidethe functiontowhichtheyarepassed.

Rpackagesincludemanypre-builtfunctionsthatyoucanusetoaccomplish specifictasks,butyoucanalsobuildyourownfunctions.Functionstakethe formseeninthescreenshotbelow.



Functionsareassignedaname,cantakezeroormorearguments,eachseparated byacomma,haveabodyofstatementsthatexecuteasagroup,andcanreturna value.Thebodyofafunctionisalwaysenclosedbycurlybraces.Thisiswhere theworkofthefunctionisaccomplished.Anyvariablesdefinedinsidethe functionorpassedasargumentstothefunctionbecomelocalvariablesthatare onlyaccessiblefrominsidethefunction.Thereturnkeywordisusedtoreturna valuetothecodethatinitiallycalledthefunction.

Thewayyoucallafunctioncandifferalittle.Thebasicformofcallinga functionistoreferencethenameofthefunctionfollowedbyanyarguments insideparenthesesjustafterthenameofthefunction.Whenpassingarguments tothefunctionusingthisdefaultsyntax,yousimplypassthevalueforthe parameter,anditisassumedthatyouarepassingthemintheorderthatthey weredefined.Inthiscasetheorderthatyoupassintheargumentsisvery important.Theordermustmatchtheorderthatwasusedtodefinethefunction.

Thisisillustratedinthecodeexamplebelow.

myfunction(2,4)

Ifthefunctionreturnsavalue,thenyouwillneedtoassignavariablenameto thefunctioncallasseeninthecodeexamplebelowthatcreatesavariablecalled z .

z=myfunction(2,4)

Finally,whileyoudon’thavetospecifythenameoftheargumentyoucandoso ifyou’dlike.Inthiscaseyousimplypassinthenameoftheargumentfollowed byanequalsignandthenthevaluebeingpassedforthatargument.Thecode examplebelowillustratesthisoptionalwayofcallingafunction.

myfunction(arg1=2,arg2=4)

Inthisexerciseyou’lllearnhowtocallsomeofthebuilt-inRfunctions.

1.Rincludesanumberofbuiltinfunctionsforgeneratingsummarystatisticsfor adataset.Inthisexercisewe’llcallsomeofthefunctionsontheStudyAreadata framethatwascreatedin Exercise4:UsingDataClasses.IntheConsolepane addthelineofcodeyouseebelowtocallthemean()function.Inthiscase,the TOTALACREScolumnfromtheStudyAreadataframewillbepassedasa parametertothefunction.Thisfunctioncalculatesthemeanofanumeric dataset,whichinthiscasewillbe191.0917.

mean(StudyArea$TOTALACRES)[1]191.0917

2.Repeatthissameprocesswiththemin(),max(),andmedian()functions.

3.TheYEAR_fieldintheStudyAreadataframecontainstheyearinwhichthe fireoccured.Thesubstr()functioncanbeusedtoextractaseriesofcharacters fromavariable.Usethesubstr()functionasseenbelowtoextractoutthelast twodigitsoftheyear.

substr(StudyArea$YEAR_,3,4)

4.You’veseenexamplesofanumberofotherbuiltinRfunctionsinprevious exercisesincludingprint(),ls()rm(),andothers.ThebaseRpackagecontains manyfunctionsthatcanbeusedtoaccomplishvarioustasks.Thereare thousandsofotherthird-partyRpackagesthatyoucanuseaswell,andtheyall containadditionalfunctionsforperformingspecifictasks.Youcanalsocreate yourownfunctions,andwe’lldothatinafuturechapter.

5.YoucancheckyourworkagainstthesolutionfileChapter1_7.R.

Exercise8:Introductiontotidyverse

WhilethebaseRpackageincludesmanyusefulfunctionsanddatastructures thatyoucanusetoaccomplishawidevarietyofdatasciencetasks,thethird-partytidyversepackagesupportsacomprehensivedatascienceworkflowas illustratedinthediagrambelow.Thetidyverseecosystemincludesmanysub-packagesdesignedtoaddressspecificcomponentsoftheworkflow.



Ttidyverseisacoherentsystemofpackagesforimporting,tidying,transforming, exploring,andvisualizingdata.Thepackagesofthetidyverseecosystemwere mostlydevelopedbyHadleyWickham,buttheyarenowbeingexpandedby severalcontributors.Tidyversepackagesareintendedtomakestatisticiansand datascientistsmoreproductivebyguidingthemthroughworkflowsthat facilitatecommunication,andresultinreproducibleworkproducts.

Fundamentally,thetidyverseisabouttheconnectionsbetweenthetoolsthat maketheworkflowpossible.

Let’sbrieflydiscussthecorepackagesthatarepartoftidyverse,andthenwe’ll doadeeperdiveintothespecificsofthepackagesaswemovethroughthebook.

We’llusethesetoolsextensivelythroughoutthebook.

readr

Thegoalofreadristofacilitatetheimportoffile-baseddataintoastructured dataformat.Thereadrpackageincludessevenfunctionsforimportingfile-based datasetsincludingcsv,tsv,delimited,fixedwidth,whitespaceseparated,and weblogfiles.

Dataisimportedintoadatastructurecalledatibble.Tibblesarethetidyverse implementationofadataframe.Theyarequitesimilartodataframes,butare basicallyanewer,moreadvancedversion.However,therearesomeimportant differencesbetweentibblesanddataframes.Tibblesneverconvertdatatypesof variables.Theyneverchangethenamesofvariablesorcreaterownames.

Tibblesalsohavearefinedprintmethodthatshowsonlythefirst10rows,andall columnsthatwillfitonthescreen.Tibblesalsoprintthecolumntypealongwith thename.We’llrefertotibblesasdataframesthroughouttheremainderofthe booktokeepthingssimple,butkeepinmindthatyou’reactuallygoingtobe workingwithtibbleobjects.Inthenextchapteryou’lllearnhowtousethe read_csv()functiontoloadcsvfilesintoatibbleobject.

tidyr

DatatidyingisaconsistentwayoforganizingdatainR,andcanbefacilitated throughthetidyrpackage.Therearethreerulesthatwecanfollowtomakea datasettidy.First,eachvariablemusthaveitsowncolumn.Second,each observationmusthaveitsownrow,andfinally,eachvaluemusthaveitsown cell.

dplyr

Thedplyrpackageisaveryimportantpartoftidyverse.Itincludesfivekey functionsfortransformingyourdatainvariousways.Thesefunctionsinclude filter(),arrange(),select(),mutate(),andsummarize().Inaddition,these functionsallworkverycloselywiththegroup_by()function.Allfivefunctions workinaverysimilarmannerwherethefirstargumentisthedataframeyou’re operatingon,andthenextNnumberofargumentsarethevariablestoinclude.

Theresultofcallingallfivefunctionsisthecreationofanewdataframethatis atransformedversionofthedataframepassedtothefunction.We’llcoverthe specificsofeachfunctioninalaterchapter.

ggplot2

Theggplot2packageisadatavisualizationpackageforR,createdbyHadley Wickhamin2005andisanimplementationofLelandWilkinson’sGrammarof Graphics.

GrammarofGraphicsisatermusedtoexpresstheideaofcreatingindividual blocksthatarecombinedintoagraphicaldisplay.Thebuildingblocksusedin ggplot2toimplementtheGrammarofGraphicsincludedata,aestheticmapping, geometricobjects,statisticaltransformations,scales,coordinatesystems, positionadjustments,andfaceting.

Usingggplot2youcancreatemanydifferentkindsofchartsandgraphsincluding barcharts,boxplots,violinplots,scatterplots,regressionlines,andmore.There areanumberofadvantagestousingggplot2versusothervisualizationtechniques availableinR.Theseadvantagesincludeaconsistentstylefordefiningthe graphics,ahighlevelofabstractionforspecifyingplots,flexibility,abuiltin themingsystemforplotappearance,matureandcompletegraphicssystem,and accesstomanyotherggplot2usersforsupport.

 Othertidyversepackages

Thetidyverseecosystemincludesanumberofothersupportingpackages includingstringr,purr,forcats,andothers.Inthisbookwe’llfocusprimarilyon thepackagealreadydescribed,buttoroundoutyourknowledgeoftidyverseyou canreferencetidyverse.org.

Conclusion

InthischapteryoulearnedthebasicsofusingtheRStudiointerfacefordata visualizationandexplorationaswellassomeofthebasiccapabilitiesoftheR

language.Afterlearninghowtocreatevariablesandassigndata,youlearned someofthebasicRdatatypesincludingcharacters,vectors,factors,lists, matrices,anddataframes.Youalsolearnedaboutsomeofthebasic programmingconstructsincludinglooping,decisionsupportstatements,and functions.Finally,youreceivedanoverviewofthetidyversepackage.Inthe nextchapteryou’lllearnsomebasicdataexplorationandvisualization techniquesbeforewediveintothespecificsinfuturechapters.


Chapter2

TheBasicsofDataExplorationandVisualizationwith R

Nowthatyou’vegottenyourfeetwetwiththebasicsofRwe’regoingtoturn ourattentiontocoveringsomeofthefundamentalconceptsofdataexploration andvisualizationusingtidyverse.Thischapterisgoingtobeagentle introductiontosomeofthetopicsthatwe’regoingtocoverinmuchmore exhaustivedetailincomingchapters.Fornow,Ijustwantyoutogetasenseof whatispossibleusingvarioustoolsinthetidyversepackage.

Thischapterwillteachyoufundamentaltechniquesforhowtousethereadr packagetoloadexternaldatafromaCSVfileintoR,thedplyrpackageto massageandmanipulatedata,andggplot2tovisualizedata.You’llalsolearn howtoinstallandthetidyverseecosystemofpackagesandloadthepackages intotheRStudioenvironment.

AsImentionedpreviously,thischapterisintendedasagentleintroductionto whatispossibleratherthanadetailedinspectionofthepackages.Future chapterswillgointoextensivedetailonthesetopics.Fornow,Ijustwantyouto getasenseofwhatispossibleevenifyoudon’tcompletelyunderstandthe details.

Inthischapterwe’llcoverthefollowingtopics:

•Installingandloadingtidyverse

•Loadingandexaminingadataset

•Filteringadataset

•Groupingandsummarizingadataset

•Plottingadataset

Exercise1:Installingandloadingtidyverse

In Chapter1:IntroductiontoR youlearnedthebasicsconceptsofthetidyverse package.We’llbeusingvariouspackagesfromthetidyverseecosystem throughoutthisbookincludingreadr,dplyr,andggplot2amongothers.

Tidyverseisathird-partypackagesoyou’llneedtoinstallthepackageusing RStudiosothatitcanbeusedintheexercisesinthisbook.Inthisexerciseyou’ll 

learnhowtoinstalltidyverseandloadthepackageintoyourscripts.

1.OpenRStudio.

2.Thetidyversepackageisreallymoreanecosystemofpackagesthatcanbe usedtocarryoutvariousdatasciencetasks.Whenyouinstalltidyverseitinstalls allofthepackagesthatarepartoftidyverse,manyofwhichwediscussedinthe lastchapter.Alternatively,youcaninstallthemindividuallyaswell.Therearea couplewaysthatyoucaninstallpackagesinRStudio.

LocatethePackagespaneinthelowerrightportionoftheRStudiowindow.To installanewpackageusingthispane,clicktheInstallbuttonshowninthe screenshotbelow.

InthePackagestextbox,typetidyverse.Alternatively,youcanloadthe packagesindividuallysoinsteadoftypingtidyverseyouwouldtypereadror ggplot2orwhateverpackageyouwanttoinstall.We’regoingtousethereadr, dplyr,andggplot2packagesinthischapterandinmanyotherssoyoucaneither installtheentiretidyversepackage,whichincludesthepackageswe’lluseinthis chapterplusanumberofothersorinstallthemindividually.Goaheadanddo thatnow.



3.Theotherwayofinstallingpackagesistousetheinstall.packages()function asseenbelow.ThisfunctionshouldbetypesfromtheConsolepane.

install.packages(<package>)

Forexample,ifyouwantedtoinstallthedplyrpackageyouwouldtype: install.packages(“dplyr”)

4.Tousethefunctionalityprovidedbyapackageitalsoneedstobeloaded eitherintoanindividualscriptthatwillusethepackage,oritcanalsobeloaded fromthePackagespane.ToloadapackagefromthePackagespane,simply clickthecheckboxnexttothepackageasseeninthescreenshotbelow.



5.YoucanalsoloadapackagefromeitherascriptortheConsolepaneby typinglibrary(<package>).Forexample,toloadthereadrpackageyouwould typethefollowing: library(readr)

Exercise2:Loadingandexaminingadataset

Thetidyversepackageisdesignedtoworkwithdatastoredinanobjectcalleda Tibble.Tibblesarethetidyverseimplementationofadataframe.Theyarequite similartodataframes,butarebasicallyanewer,moreadvancedversion.

Therearesomeimportantdifferencesbetweentibblesanddataframes.Tibbles neverconvertthedatatypesofvariables.Also,theyneverchangethenamesof variablesorcreaterownames.Tibblesalsohavearefinedprintmethodthat showsonlythefirst10rows,andallcolumnsthatwillfitonthescreen.Tibbles alsoprintthecolumntypealongwiththename.

We’llrefertotibblesasdataframesthroughouttheremainderofthischapterto keepthingssimple,butkeepinmindthatyou’reactuallygoingtobeworking withtibbleobjectsasopposedtotheolderdataframeobjects.

Gettingdataintoatibbleobjectformanipulation,analysis,andvisualizationis normallyaccomplishedthroughtheuseofoneofthereadfunctionsfoundinthe readrpackage.Inthisexerciseyou’lllearnhowtoreadthecontentsofaCSV

fileintoRusingtheread_csv()functionfoundinthereadrpackage.

1.OpenRStudio.

2.InthePackagespanescrolldownuntilyouseethereadrpackageandcheck theboxjusttotheleftasseenbelowasseeninthescreenshotfromthelast exerciseinthischapter.Note:Ifyoudon’tseethereadrpackageinthePackages paneitmeansthatthepackagehasn’tbeeninstalled.You’llneedtogobackto thelastexerciseandfollowtheinstructionsprovided.

3.YouwillalsoneedtosettheworkingdirectoryfortheRStudiosession.The easiestwaytodothisistogotoSession|SetWorkingDirectory|Choose DirectoryandthennavigatetotheIntroR\Datafolderwhereyouinstalledthe exercisedataforthisbook.

4.Theread_csv()functionisgoingtobeusedtoreadthecontentsofafilecalled Crime_Data.csv.Thisfilecontainsapproximately481,000crimereportsfrom Seattle,WAcoveringaspanofapproximately10years.IfyouhaveMicrosoft Excelorsomeotherspreadsheettypesoftwaretakeafewmomentstoexamine thecontentsofthisfile.

Foreachcrimeoffensethisfileincludesdateandtimeinformation,crime categoriesanddescription,policedepartmentinformationincludingsector,beat, andprecinct,andneighborhoodname.

5.FindtheRStudioConsolepaneandaddthecodeyouseebelow.Thiswill readthedatastoredintheCrime_Data.csvfileintoadataframe(actuallya tibbleasdiscussedintheintroduction)calleddfCrime.

dfCrime=read_csv(“Crime_Data.csv”,col_names=TRUE)

6.You’llseesomemessagesindicatingthecolumnnamesanddatatypesfor eachasseenbelow.

Parsedwithcolumnspecification:

cols(

`ReportNumber`=col_double(),

ÒccurredDatè=col_character(),

ÒccurredTimè=col_integer(),

`ReportedDatè=col_character(),

`ReportedTimè=col_integer(),

`CrimeSubcategory`=col_character(),

`PrimaryOffenseDescription`=col_character(),

Precinct=col_character(),



Sector=col_character(),

Beat=col_character(),

Neighborhood=col_character()

)

7.Youcangetacountofthenumberofrecordswiththe

nrow()function.

nrow(dfCrime)[1]481376

8.TheView()functioncanbeusedtoviewthedatainatabularformatasseenin thescreenshotbelow.

View(dfCrime)

9.Itwilloftenbethecasethatyoudon’tneedallthecolumnsinthedatathat youimport.Thedplyrpackageincludesaselect()functionthatcanbeusedto limitthefieldsinthedataframe.InthePackagespane,loadthedplyrlibrary.

Again,ifyoudon’tseethedplyrlibrarythenit(ortheentiretidyverse)willneed tobeinstalled.

10.Inthiscasewe’lllimitthecolumnstothefollowing:ReportedDate, CrimeSubcategory,PrimaryOffenseDescription,Precinct,Sector,Beat,and Neighborhood.Addthecodeyouseebelowtoaccomplishthis.

dfCrime=select(dfCrime,‘ReportedDate’,‘CrimeSubcategory’,‘Primary OffenseDescription’,‘Precinct’,‘Sector’,‘Beat’,‘Neighborhood’) 11.Viewtheresults.

View(dfCrime)

12.Youmayalsowanttorenamecolumnstomakethemmorereaderfriendlyor perhapssimplifythenames.Theselect()functioncanbeusedtodothisaswell.

Addthecodeyouseebelowtoseehowthisworks.Yousimplypassinthenew nameofthecolumnfollowedbyanequalsignandthentheoldcolumnname.

dfCrime=select(dfCrime,‘CrimeDate’=‘ReportedDate’,‘Category’=‘Crime Subcategory’,‘Description’=‘PrimaryOffenseDescription’,‘Precinct’, ‘Sector’,‘Beat’,‘Neighborhood’)

Exercise3:Filteringadataset

Inadditiontolimitingthecolumnsthatarepartofadataframe,it’salso commontosubsetorfiltertherowsusingawhereclause.Filteringthedataset enablesyoutofocusonasubsetoftherowsinsteadoftheentiredataset.The dplyrpackageincludesafilter()functionthatsupportsthiscapability.Inthis exerciseyou’llfilterthedatasetsothatonlyrowsfromaspecificneighborhood areincluded.

1.IntheRStudioConsolepaneaddthefollowingcode.Thiswillensurethat onlycrimesfromtheQUEENANNEneighborhoodareincluded.

dfCrime2=filter(dfCrime,Neighborhood==‘QUEENANNE’)

2.Getthenumberofrowsandviewthedataifyou’dlikewiththeView() function.

nrow(dfCrime2)[1]25172

3.Youcanalsoincludemultipleexpressionsinafilter()function.Forexample, thelineofcodebelowwouldfilterthedataframetoincludeonlyresidential burglariesthatoccurredintheQueenAnneneighborhood.Thereisnoneedto addthelineofcodebelow.It’sjustmeantasanexample.We’llexaminemore complexfilterexpressionsinalaterchapter.

dfCrime3=filter(dfCrime,Neighborhood==‘QUEENANNE’,Category==

‘BURGLARY-RESIDENTIAL’)

Exercise4:Groupingandsummarizingadataset

Thegroup_by()function,foundinthedplyrpackage,iscommonlyusedtogroup databyoneormorevariables.Oncegrouped,summarystatisticscanthenbe generatedforthegrouporyoucanvisualizethedatainvariousways.For example,thecrimedatasetwe’reusinginthischaptercouldbegroupedby offense,neighborhoodandyearandthensummarystatisticsincludingthecount, mean,andmediannumberofburglariesbyyeargenerated.

It’salsoverycommontovisualizethesegroupeddatasetsindifferentways.Bar

charts,scatterplots,orothergraphscouldbeproducedforthegroupeddataset.In thisexerciseyou’lllearnhowtogroupdataandproducesummarystatistics.

1.IntheRStudioconsolewindowaddthecodeyouseebelowtogroupthe crimesbypolicebeat.

dfCrime2=group_by(dfCrime2,Beat)

2.The

n()functionisusedtogetacountofthenumberofrecordsforeachgroup.Add thecodeyouseebelow.

dfCrime2=summarise(dfCrime2,n=n())

3.Usethehead()

functiontoexaminetheresults.

head(dfCrime2)

#Atibble:4x2Beatn

<chr><int>

1D24373

2Q188

3Q210851

4Q39860

Exercise5:Plottingadataset

Theggplot2packagecanbeusedtocreatevarioustypesofchartsandgraphs fromadataframe.Theggplot()functionisusedtodefineplots,andcanbe passedanumberofparametersandjoinedwithotherfunctionstoultimately produceanoutputchart.

Thefirstparameterpassedtoggplot()willbethedataframeyouwanttoplot.

Typicallythiswillbeadataframeobject,butitcanalsobeasubsetofadata framedefinedwiththesubset()function.Thefirstcodeexampleonthisslide passesavariablecalledhousing,whichcontainsadataframe.Inthesecondcode example,thesubset()functionispassedastheparameter.Thissubsetfunction definesafilterthatwillincludeonlyrowswheretheStatevariableisequalto MAorTX.

Inthisexerciseyouwillcreateasimplebarchartfromthedataframecreatedin thepreviousexercisesinthischapter.



1.IntheRStudioconsoleaddthecodeyouseebelow.Theggplot()functionin thiscaseispassedthedfCrimedataframecreatedinapreviousexercises.The geom_col()functionisusedtodefinethegeometryofthegraph(barchart)and ispassedamappingparameterwhichisdefinedbycallingtheaes()functionand passinginthecolumnsforthexaxis(Beat),andtheyaxis(n=count).

ggplot(data=dfCrime2)+geom_col(mapping=aes(x=Beat,y=n),fill=”red”)2.

ThiswillproducethechartyouseebelowinthePlotspane.

Exercise6:Graphingburglariesbymonthandyear

Inthisexercisewe’llcreatesomethingalittlemorecomplex.We’llcreatea couplebarchartsthatdisplaythenumberofburglariesbyyearandbymonthfor theQueenAnneneighborhood.Inadditiontothedplyrandggplot2packageswe usedpreviouslyinthischapterwe’llalsousethelubridatepackagetomanipulate dateinformation.

1.IntheRStudioPackagespane,loadthelubridatepackage.Thelubridate packageispartoftidyverseandisusedtoworkwithdatesandtimes.Also, makesurethereadr,dplyrandggplot2packagesareloaded.

2.LoadthecrimedatafromtheCrime_Data.csv

file.

dfCrime=read_csv(“Crime_Data.csv”,col_names=TRUE)

3.Specifythecolumnsandcolumnnames.

dfCrime=select(dfCrime,‘CrimeDate’=‘ReportedDate’,‘Category’=‘Crime Subcategory’,‘Description’=‘PrimaryOffenseDescription’,‘Precinct’, ‘Sector’,‘Beat’,‘Neighborhood’)

4.FiltertherecordssothatonlyresidentialburglariesintheQueenAnne neighborhoodareretained.

dfCrime2=filter(dfCrime,Neighborhood==‘QUEENANNE’,Category==

‘BURGLARY-RESIDENTIAL’)



5.Thedplyrpackageincludestheabilitytodynamicallycreatenewcolumnsina dataframethroughthemanipulationofdatafromexistingcolumnsinthedata frame.Themutate()functionisusedtocreatethenewcolumns.Herethe mutate()functionwillbeusedtoextracttheyearfromtheCrimeDatecolumn.

Addthefollowingcodetoseethisinaction.Thesecondparametercreatesanew columncalledYEARandpopulatesitbyusingtheyear()functionfromthe lubridatepackage.Insidetheyear()functiontheCrimeDatecolumn,whichisa charactercolumn,isconvertedtoadateandtheformatofthedate dfCrime3=mutate(dfCrime2,YEAR=year(as.Date(dfCrime2$CrimeDate, format=’%m/%d/%Y’))) 6.Viewtheresult.NoticetheYEARcolumnattheendofthedataframe.The mutate()functionalwaysaddsnewcolumnstotheendofthedataframe.

View(dfCrime3)

7.Nowwe’llgroupthedatabyyearandsummarizebygettingacountofthe numberofcrimesperyear.Addthefollowinglinesofcode.

dfCrime4=group_by(dfCrime3,YEAR)

dfCrime4=summarise(dfCrime4,n=n())

8.Viewtheresult.

View(dfCrime4)



9.Createabarchartbycallingtheggplot()andgeom_col()functionsasseen below.DefineYEARasthecolumnforthexaxisandthenumberofcrimesfor theyaxis.ThisshouldproducethechartyouseebelowinthePlotspane.

ggplot(data=dfCrime4)+geom_col(mapping=aes(x=YEAR,y=n),fill=”red”)



10.Nowwe’llcreateanotherbarchartthatdisplaysthenumberofcrimesby monthinsteadofyear.First,createaMONTHcolumnusingthemutate() function.

dfCrime3=mutate(dfCrime2,MONTH=month(as.Date(dfCrime2$CrimeDate, format=’%m/%d/%Y’)))

11.Groupandsummarizethedatabymonth.

dfCrime4=group_by(dfCrime3,MONTH)dfCrime4=summarise(dfCrime4,n

=n())

12.Viewtheresult.

View(dfCrime4)

13.Createthebarchart.

ggplot(data=dfCrime4)+geom_col(mapping=aes(x=MONTH,y=n), fill=”red”)



14.YoucancheckyourworkagainstthesolutionfileChapter2_6.R.

Conclusion

Inthischapteryoulearnedsomebasictechniquesfordataexplorationand visualizationusingthetidyversepackageanditsecosystemofsub-packages.

AfterinstallingandloadingthepackageusingRStudioyouperformedanumber oftasksusingtheRprogramminglanguagewithanumberoftidyversesub-packages.YouloadedadatasetfromaCSVfileusingreadr.After,you manipulatedthedatainvariouswaysusingthedplyrpackage.Theselect() functionwasusedtoincludeandrenamecolumns,andthecontentsofthedata framewerefilteredusingthefilter()function.Thedatawasthengroupedand summarized,andfinallyseveralgraphswereproducedusingggplot2.

Inthenextchapteryouwilllearnhowmoreabouthowtousethereadrpackage toloaddatafromexternaldatasources.


Chapter3

LoadingDataintoR

Largedataobjects,typicallystoredasdataframesinR,aremostoftenreadfrom externalfiles.R,alongwithtidyverse,includeanumberoffunctionsthatcan readexternaldatafilesfromawidevarietyofsourcesincludingtextfilesof manyvarieties,relationaldatabases,andwebservices.Externaltextfilesneedto haveaspecificformatwiththefirstline,calledtheheader,containingthe columnnames.Eachadditionallineinthefilewillhavevaluesforeachvariable.

Inthischapter,we’llexamineanumberoffunctionsthatcanbeusedtoread data.

ThereareanumberofcommondataformatsthatcanbereadintoandoutofR.

Thisincludestextfilesinformatssuchascsv,txt,html,andjson.Italsoincludes filesoutputfromstatisticalapplicationsincludingSASandSPSS.Online resourcesincludingwebservicesandHTMLpagescanalsobereadintoR.

Finally,relationalandnon-relationaldatabasetablescanbereadaswell.There areanumberoffunctionsprovidedbyRandTidyversewhichwillenableyouto readthesevarioussources.

Inthischapterwe’llcoverthefollowingtopics:

•Loadingacsvfilewithread.table()

•Loadingacsvfilewithread.csv()

•Loadingatabdelimitedfilewithread.table()

•Usingreadrtoloaddata

Exercise1:Loadingacsvfilewithread.table()

Thefirstfunctionwe’llexamineisread.table().Theread.table()functionisa builtinRfunctionthatcanbeusedtoreadvariousfileformatsintoadataframe.

Thisisprobablythemostcommoninternalfunctionusedforreadingsimplefiles intoR.However,aswe’llseelaterinthemodule,tidyverseincludessimilar functionswhichareactuallymoreefficientatreadingexternaldataintoR.

Thesyntaxforread.table()istoacceptafilename,whichwillbethepathandfile name,alongwithaTRUE|FALSEindicatorfortheheader.IfsettoTRUEthe assumptionisthatcolumnnamesareintheheaderlineofthefile.Thepathis notnecessaryifyouhavealreadysettheworkingdirectory.Theoutputofthe read.table()functionisadataframeobject.

Theheaderline,ifincludedinthetextfile,willloadadatasetintoadataframe object.Defaultvalueswillbeusedforthecolumnheadersifthesearenot provided.Thefile.choose()functionisahandyfunctionthatyoucanuseto interactivelyselectthefileyouwantimportedratherthanhavingtohardcode thepathtothedataset.

Inthisexerciseyou’lllearnhowtousetheread.table()functiontoloadacsv formatfile.

1.OpenRStudioandfindtheConsolepane.

2.Ifnecessary,settheworkingdirectorybytypingthecodeyouseebelowinto theConsolepaneorbygoingtoSession|SetWorkingDirectory|Choose DirectoryfromtheRStudiomenu.

setwd(<installationdirectoryforexercisedata>)

3.TheDatafoldercontainsafilecalledStudyArea.csv,whichisacomma separatedfilecontainingwildfiredatafromtheyears1980-2016forthestatesof California,Oregon,Washington,Idaho,Montana,Wyoming,Colorado,Utah, Nevada,Arizona,andNewMexico.Therearealittleover439,000recordsin thisfileandthereare37columnsofinformationthatdescribeeachfireduring thisperiod.

Usetheread.table()functiontoloadthisdataintoanewdataframeobject.What happenswhenyourunthislineofcode?

df=read.table(“StudyArea.csv”,header=TRUE)

Youwillgetanerrormessagewhenyouattempttorunthislineofcode.The errormessageshouldappearasseenbelow.

Errorinread.table(“StudyArea.csv”,header=TRUE):morecolumnsthan columnnames

Thereasonanerrormessagewasgeneratedinthiscaseisthattheread_table() functionusesspacesasthedelimiterbetweenrecordsandourfileusescommas asthedelimiter.

4.Updateyourcalltoread.table()asseenbelowtoincludethesepargument, whichshouldbeacomma.

df=read.table(“StudyArea.csv”,sep=”,”,header=TRUE)

Whenyourunthislineofcodeyou‘llseeanewerror.

Errorinscan(file=file,what=what,sep=sep,quote=quote,dec=dec,: line12didnothave14elements

Theread.table()functionwillNOTautomaticallyfillinanymissingvalueswith adefaultvaluesuchasNAsobecausesomeofthecolumnsareemptyinour rowswegetanerrormessagethatindicatesaparticularlinedidn’thaveall14

columnsofinformation.Wecanfixthisbyaddingthefillparameterandsetting itequaltoTRUE.

5.Updateyourcodeasseenbelowtoaddthefillparameter.

df=read.table(“StudyArea.csv”,header=TRUE,fill=TRUE,sep=”,”) Whenyourunthislineofcodeitwillimportthecontentsofthefileintoa dataframeobject.However,ifyoulookattheEnvironmenttabinRStudioyou willseethatitonlyloaded153,095recordsandyetweknowthereareover 400,000recordsinthefile.Quotes(singleordouble)inacsvfilecancause recordsnottobeloaded.

6.Let’saddonemoreparametertohandlerecordsthatwerethrownoutdueto quotes.

df=read.table(“StudyArea.csv”,header=TRUE,fill=TRUE,quote=””,sep=”,”) Whenyouexecutethislineofcode,440,476recordsshouldbeimported.The dataisloadedintoanRdataframeobjectwhichisastructurethatresemblesa table.Detailedinformationaboutdataframeobjectswillbecoveredinalater sectionofthecourse.Fornow,youcanthinkofthemastablescontaining columnsandrows.

Mypointinshowingyouthisistoshowhowdifficultitcanbetousethe read.table()functiontoloadthecontentsofacsvfile.Theread.table()function istypicallyusedtoloadtabdelimitedtextfiles,butmanypeoplewillattemptto usetheread.table()functionwithcsvformatfileswithoutunderstandingallthe parametersthatmayneedtobeincluded.Instead,youshoulduseread.csv()as we’lldointhenextstep.

7.YoucancheckyourworkagainstthesolutionfileChapter3_1.R.

Exercise2:Loadingacsvfilewithread.csv()

Theread.csv()functionisalsoabuiltinRfunctionthatisalmostidenticalto read.table(),withtheexceptionthattheheaderandfillargumentsaresetto TRUEbydefault.Inthisstepyou’llseehowmucheasieritistoloadacsvfile usingread.csv().

1.Theread.csv()functionautomaticallyhandlesmostofthesituationsyouare requiredtoidentifywhenusingread.table()toloadacsvfile.Enterandrunthe codeyouseebelowtoseehowmucheasierthisiswithread.csv().

df=read.csv(“StudyArea.csv”)

2.Thiswillcorrectlyloadall400,000+recordsfromthecsvfile!Seehowmuch easierthatis?Therewillbeafewrecordsmissing,butoverallthisfunctionis mucheasiertousethanread.table().

3.YoucancheckyourworkagainstthesolutionfileChapter3_2.R.

Exercise3:Loadingatabdelimitedfilewithread.table()

Theread.table()functionismostoftenusedtoreadthecontentsofatab delimitedfile.Inthisstepyou’lllearnhowtodothat.

1.YourDatafolderincludesafilecalledall_genes_pombase.txt,whichistext delimited.OpenthisfilewithExcelorsomeotherapplicationtoseethefield structureanddelimiters.

2.IntheRConsolewindowenterandrunthecodeyouseebelowtoimportthe file.

df2=read.table(“all_genes_pombase.txt”,header=TRUE,sep=”\t”,quote=””) 3.Thisshouldload7019recordsintothedataframe.You’llnoticethatmanyof theparametersstillneedtobeusedwhenloadingthedatasetsoit’snotaseasyto useasyoumighthopeeveninthiscase.

4.YoucancheckyourworkagainstthesolutionfileChapter3_3.R.

Exercise4:Usingreadrtoloaddata

Sofarinthischapterwe’vebeenlookingatvariousbuiltinRfunctionsfor

readingexternalfilesintoRasdataframes.Thetidyversepackageincludesa sub-packagecalledreadrthatcanalsobeusedtoloadexternaldata.Thereadr packageincludesaread_csv()functionthatloadsdatamuchfasterthanthe internalread.csv()function.

Inadditiontoloadingthedatafasteritalsoincludesaprogressdialogandthe outputincludesthedataframecolumnstructurealongwithanyparsingerrors.

Overall,theread_csv()functioninthereadrpackageispreferredoverthe functionsfoundinthebasicinstallationofR.Thereadrpackagealsoincludes someotherfunctionsforloadingvariousfileformatsincludingread_delim(), read_csv2(),andread_tsv().Eachofthefunctionsacceptthesameparameters, soonceyou’velearnedtouseanyoftheRfunctionsforloadingdatayoucan easilyuseanyoftheothers.

Inthisstepyou’regoingtousetheread_csv()functionfoundinthereadr packagetoloaddataintoadataframe.

1.Loadthereadrlibrary.

library(readr)

2.Theread_csv()functioninthereadrpackagecanbeusedtoloadcsvfiles.

Comparedtothebaseloadingfunctionswelookedatpreviouslyinthisexercise, readrfunctionsaresignificantlyfaster(10x),includeahelpfulprogressbarto providefeedbackontheprogressoftheloadforlargefiles,andallthefunctions workexactlythesameway.

Addandrunthecodeyouseebelow.Noticehowmuchmorequicklythedata loadsintothedataframeobject.Thecol_typesargumentwasusedinthiscaseto loadallthecolumnsasacharacterdatatypeforsimplificationpurposes.

Otherwisewe’dhavetodosomeadditionalpreprocessingofthedatatoaccount forvariouscolumndatatypes.

dfReadr=read_csv(“StudyArea.csv”,col_types=cols(.default=“c”), col_names=TRUE)

Otherloadingfunctionsfoundinthereadrpackageincluderead_delim(), read_csv2(),read_tsv()

3.Nowlet’srunthisfunctionagain,butthistimetakeoffthecol_typesargument soyoucanseeanexampleofsomeofthepotentialloadingerrorsthatcanoccur.

Updateandrunyourcodeasfollows:

dfReadr=read_csv(“StudyArea.csv”,col_names=TRUE) 4.Thefirstthingyou’llseeisalistofthecolumnsthatwillbeimportedalong withthecolumndatatype.Youroutputshouldappearasfollows: Parsedwithcolumnspecification: cols(

.default=col_character(),FID=col_integer(),

UNIT=col_integer(),

FIRENUMBER=col_integer(),SPECCAUSE=col_integer(),STATCAUSE=

col_integer(),SIZECLASSN=col_integer(),FIRETYPE=col_integer(), PROTECTION=col_integer(),FIREPROTTY=col_integer(),YEAR_=

col_integer(),FiscalYear=col_integer(),STATE_FIPS=col_integer(),FIPS=

col_integer(),

DLATITUDE=col_double(),DLONGITUDE=col_double(),TOTALACRES

=col_double(),TRPGENCAUS=col_integer(),TRPSPECCAU=

col_integer(),Duplicate_=col_integer()

)

5.Awarningmessagewillbedisplayedbelowthatindicatingthattherewere parsingerrorsontheload.

Warning:196742parsingfailures.

row#Atibble:5x5col

rowcolexpectedactualfileexpected

<int><chr><chr><chr><chr>actual1242621UNITanintegerEOR

‘StudyArea.csv’file2242622UNITanintegerEOR‘StudyArea.csv’row3

242623UNITanintegerEOR‘StudyArea.csv’col4242624UNITaninteger EOR‘StudyArea.csv’expected

5242625UNITanintegerEOR‘StudyArea.csv’

6.Youcanusethe

problems()

functiontogetalistoftheparsingerrors.Addandrunthecodeyouseebelow.

problems(dfReadr)

#Atibble:196,742x5

rowcolexpectedactualfile

<int><chr><chr><chr><chr> 1242621UNITanintegerEOR‘StudyArea.csv’

2242622UNITanintegerEOR‘StudyArea.csv’

3242623UNITanintegerEOR‘StudyArea.csv’

4242624UNITanintegerEOR‘StudyArea.csv’

5242625UNITanintegerEOR‘StudyArea.csv’

6242626UNITanintegerEOR‘StudyArea.csv’

7242627UNITanintegerEOR‘StudyArea.csv’

8242628UNITanintegerEOR‘StudyArea.csv’

9242629UNITanintegerEOR‘StudyArea.csv’10242630UNITaninteger EOR‘StudyArea.csv’#...with196,732morerows

7.Fromthelooksoftheerrormessagesitappearsthereisanissuewiththe UNITcolumn.Ifyoulookbackuptothelistofcolumnsanddatatypes,you’ll noticethattheUNITcolumnwascreatedasanintegerdatatype.However,if youopentheStudyArea.csvfileinExceloranotherapplicationyou’llquickly seethatnotallthevaluesarenumeric.Someincludeletters.Thisaccountsfor theparsingerrorsinthedataset.

Updateyourcodeasseenbelowandrunitagain.ThissetstheUNITcolumnto acharacter(text)datatype.

dfReadr=read_csv(“StudyArea.csv”,col_types=list(UNIT=col_character()), col_names=TRUE)

Thistimeyoushouldgetacleanloadofthedataset.Thatdoesn’tmeanthedata won’tneedsomeadditionalpreparationandcleanup.Forexample,thereare somedatefieldsincludingSTARTDATEDthatwereloadedascharacterbut mightbebetteroffasdatefields.Wecansavethisadditionalpreparationwork foralaterexercisethough.

8.Youcanexaminethefirstfewlinesofthedataframebyenteringthehead() functionasseenbelow.

head(dfReadr)

#Atibble:6x14

FIDORGANIZATIUNITSUBUNITSUBUNIT2FIRENAMECAUSE

YEAR_

STARTDATEDCONTRDATEDOUTDATEDSTATESTATE_FIPS

<int><chr><chr><chr><chr><chr><chr><int>

<chr><chr><chr><chr><int> 10FWS81682USCADBRSanDiegoBay…PUMPHOU…Human2001

1/1/010:001/1/010:…NACali…6

21FWS81682USCADBRSanDiegoBay…I5Human2002

5/3/020:005/3/020:…NACali…6

32FWS81682USCADBRSanDiegoBay…SOUTHBAYHuman2002

6/1/020:006/1/020:…NACali…6

43FWS81682USCADBRSanDiegoBay…MARINAHuman2001

7/12/010:…7/12/010…NACali…6

54FWS81682USCADBRSanDiegoBay…HILLHuman1994

9/13/940:…9/13/940…NACali…6

65FWS81682USCADBRSanDiegoBay…IRRIGATI…Human1994

4/22/940:…4/22/940…NACali…6

#...with1morevariable:TOTALACRES<dbl>

9.Youcancheckyourworkagainstthesolutionfile

Chapter3_4.R.

Conclusion

Inthischapteryoulearnedvariousfunctionsforloadinganexternaldatafile includingthebuiltinRfunctionsread.table()andread.csv().Whilethese functionscancertainlygetthejobdone,theread_csv()functionfoundinthe readrpackageisamuchmoreefficientfunctionforloadingexternaldata.

Inthenextchapteryouwilllearnhowtotransformyourdatasetsusingthedplyr package.You’lllearntechniquesforfilteringthecontentsofadataframe, selectingspecificcolumnstobeused,arrangingrowsinascendingordescending order,andsummarizeandgroupadataset.


Chapter4

TransformingData

BeforeadatasetcanbeanalyzedinRitoftenneedstobemanipulatedor transformedinvariousways.Thedplyrpackage,partofthelargertidyverse package,providesasetoffunctionsthatallowyoutotransformadatasetin variousways.Thedplyrpackageisaveryimportantpartoftidyversesincethe functionsprovidedthroughthispackageareusedsofrequentlytotransformdata indifferentwayspriortodoingmoreadvanceddataexploration,visualization, andmodeling.

Therearefivekeyfunctionsthatarepartofdplyr:filter(),arrange(),select(), mutate(),andsummarize().Allfivefunctionsworkinasimilarmannerwherethe firstargumentisthedataframetomanipulate,thenextNnumberofparameters definedthecolumnstoinclude,andallreturnadataframeasaresult.

Thedplyrfunctionsareoftenusedinconjunctionwiththegroup_by()dplyr functiontomanipulateadatasetthathasbeengroupedinsomeway.Thegroup_

by()functioncreatesanewdataframeobjectthathasbeengroupedbyoneor morevariables.

Inthischapterwe’llcoverthefollowingtopics:

•Filteringrecordstocreateasubset

•Narrowingthelistofcolumns

•Arrangingrowsinascendingordescendingorder

•Addingrows

•Summarizingandgrouping

•Pipingforcodeefficiency

Exercise1:Filteringrecordstocreateasubset

Thefirstdplyrfunctionthatwe’llexamineisfilter().Thefilter()functionisused tocreateasubsetofrecordsbasedonsomevalue.Forexample,youmightwant tocreateadataframeofwildfirescontainingincidentsthathaveburnedmore than25,000acres.Aslongasyouhaveanexistingdataframethatincludesa columnthatmeasuresthenumberofacresburned,youcanaccomplishthe creationofthissubsetusingthefilter()function.

Aswillbethecasewithallthedplyrfunctionsweexamine,thefirstargument passedtothefilter()functionisadataframeobject.Eachadditionalparameter passedtothefunctionisaconditionalexpressionusedtofilterthedataframe.

Forexample,takealookatthelineofcodebelow.Thisstatementcallsthe filter()functiontocreateanewvariablecalleddf25k,whichwillcontainonly rowswheretheACREScolumncontainsavaluegreaterthan25000.

df25k=filter(df,ACRES>=25000)

Thisisanexampleofcallingthefilter()functionandpassingasingle conditionalexpression.Inthenextcodeexample,twoconditionalexpressions arepassed.Thefirstisusedtofilterrecordssothatthenumberofacresisgreater thanorequalto25000,andthesecondfilterrecordssothatonlyrecordswhere theYearcolumncontainsavalueof2016willberetained.

df25k=filter(df,ACRES>=25000,YEAR==2016)

Inthiscase,thedf25kvariablewillincluderecordswherebothconditionsare matched:acreageburnedisgreaterthan25000andthefireyearwas2016.This canalsoberewrittenasasingleparameterthatusesthe&operatortocombine expressionsasseenbelow.

df25k=filter(df,ACRES>=25000&YEAR==2016)

Inthisexerciseyou’lllearnhowtousethe

filter()functiontocreateasubsetofrecordsbasedonsomevalue.

1.Theexercisesinthischapterrequirethefollowingpackages:readr,dplyr, ggplot2.TheycanbeloadedfromthePackagespane,theConsolepane,ora script.

2.OpenRStudioandfindtheConsolepane.

3.Ifnecessary,settheworkingdirectorybytypingthecodeyouseebelowinto theConsolepaneorbygoingtoSession|SetWorkingDirectory|Choose DirectoryfromtheRStudiomenu.

setwd(<installationdirectoryforexercisedata>)

4.TheDatafoldercontainsafilecalledStudyArea.csv,whichisacomma separatedfilecontainingwildfiredatafromtheyears1980-2016forthestatesof California,Oregon,Washington,Idaho,Montana,Wyoming,Colorado,Utah, Nevada,Arizona,andNewMexico.Therearealittleover439,000recordsin thisfileandthereare37columnsofinformationthatdescribeeachfireduring thisperiod.

Usetheread_csv()functiontoloadthedatasetintoadataframe.

dfFires=read_csv(“StudyArea.csv”,col_types=list(UNIT=col_character()), col_names=TRUE)

5.Usethenrow()functiontomakesurethattheapproximately439,000records wereloaded.

nrow(dfFires)

[1]439362

6.Initiallywe’lluseasingleconditionalexpressionwiththefilter()functionto createasubsetofrecordsthatcontainsonlywildfiresthataregreaterthan25,000

acres.Addthecodeyouseebelowtorunthefilter()function.Alldplyr functions,includingfilter(),returnanewdataframeobjectsoyouneedto specifyanewvariablethatwillcontaintheoutputdataframe.Thedf25k variablewillholdtheoutputdataframeinthiscase.

df25k=filter(dfFires,TOTALACRES>=25000)

Getacountofthenumberofrecordsthatmatchthefilter.Thereshouldbe655

rows.YoumayalsowanttousetheView(df25k)functiontoseethedataina tabularformat.

nrow(df25k)

[1]655

7.Youcanalsoincludemultipleconditionalexpressionsaspartofthefilter.

Eachexpression(argument)iscombinedwithan“and”clausebydefault.This meansthatallexpressionsmustbematchedforarecordedtobereturned.Add andrunthecodeyouseebelowtoseeanexample.

df1k=filter(dfFires,TOTALACRES>=1000,YEAR_==2016)

nrow(df1k)

[1]152

8.Youcanalsocombinetheexpressionsintoasingleexpressionwithmultiple conditionsasseenbelow.Thiswillaccomplishthesamethingastheprevious lineofcode.Whichofthetwoyouuseisamatterofpersonalpreferenceinthis casesincewe’reusingan“and”clause.The&characteristhe“and”operator.

Youwouldneedtousethe|charactertoincludean“or”operator.

df1k=filter(dfFires,TOTALACRES>=1000&YEAR_==2016) 9.Finally,whenyouhavealistofpotentialvaluesthatyouwanttobeincluded bythefilterthe%in%statementcanbeused.Addthelineofcodebelowtosee howthisworks.Thisparticularlineofcodewouldcreateadataframecontaining firesthatoccurredintheyears2010,2011,or2012.

dfYear=filter(dfFires,YEAR_%in%c(2010,2011,2012))

10.Youcanviewanyofthesedataframesinatabularviewusingthe View(<dataframe>)syntax.Forexample,

View(dfYear)11.Youcancheckyourworkagainstthesolutionfile Chapter4_1.R.

Exercise2:Narrowingthelistofcolumnswithselect()

Manydatasetsthatyouloadfromexternaldatasourcesincludedozensof columns.TheStudyArea.csvfilethatyou’vebeenworkingwithintheexercises includes37columnsofinformation.Inmostcasesyouwon’tneedallthe columns.

Theselect()functioncanbeusedtonarrowdownthelistofcolumnstoinclude onlythoseneededforatask.Tousetheselect()function,simplypassinthe nameofthedataframealongwiththecolumnstoinclude.

1.Usetheread_csv()functiontoloadthedatasetintoadataframe.

Note:Forthesakeofcompletenessyouwillbeloadingtheexternaldatafrom theStudyArea.csvfiletothedfFiresdataframe,butthisstepisn’tabsolutely necessaryifyou’redoingtheexercisesinsequenceinthesameRStudiosession.

dfFires=read_csv(“StudyArea.csv”,col_types=list(UNIT=col_character()), col_names=TRUE)

2.Onanewline,addacalltotheselect()

functionasseenbelowtolimitthecolumnsthatarereturned.

dfFires2=select(dfFires,FIRENAME,TOTALACRES,YEAR_)

3.Displaythefirstfewrowsandnoticethatwenowhaveonlythreecolumns.

head(dfFires2)

FIRENAMETOTALACRESYEAR_<chr><dbl><int>1PUMPHOUSE

0.10020012I53.0020023SOUTHBAY0.50020024MARINA0.10020015

HILL1.0019946IRRIGATION0.1001994

4.Manyofthecolumnnamesthatyouimportwillnotbeveryreaderfriendlyso it’snotuncommontowanttorenamethecolumnsaswell.Thiscanbe accomplishedusingtheselect()functionaswell.Renameyourcolumnsby addingandrunningthecodeyouseebelow.

dfFires2=select(dfFires,“FIRE”=“FIRENAME”,“ACRES”=

“TOTALACRES”,“YR”=“YEAR_”)

5.Displaythefirstfewlines.

head(dfFires2)

FIREACRESYR<chr><dbl><int>1PUMPHOUSE0.10020012I53.00

20023SOUTHBAY0.50020024MARINA0.10020015HILL1.0019946

IRRIGATION0.1001994

6.Therearealsoanumberofhandyhelperfunctionsthatyoucanusewiththe select()functiontofilterthereturnedcolumns.Theseincludestarts_with(), ends_with(),contains(),matches(),andnum_range().Toseehowthisworks,add andrunthecodeyouseebelow.Thiswillreturnanycolumnsthatcontainthe wordDATE.

dfFires3=select(dfFires,contains(“DATE”))

head(dfFires3)

STARTDATEDCONTRDATEDOUTDATED<chr><chr><chr>11/1/010:00

1/1/010:00NA25/3/020:005/3/020:00NA36/1/020:006/1/020:00NA4

7/12/010:007/12/010:00NA59/13/940:009/13/940:00NA64/22/940:00

4/22/940:00NA

7.Youcanalsomakemultiplecallstothesehelperfunctions.

dfFires3=select(dfFires,contains(“DATE”),starts_with(“TOTAL”)) head(dfFires3)

DSTARTDATEDCONTRDATEDOUTDATEDTOTALACRES<chr><chr>

<chr><dbl>

11/1/010:001/1/010:00NA0.100

25/3/020:005/3/020:00NA3.00

36/1/020:006/1/020:00NA0.500

47/12/010:007/12/010:00NA0.100

59/13/940:009/13/940:00NA1.0064/22/940:004/22/940:00NA0.100

8.Youcancheckyourworkagainstthesolutionfile

Chapter4_2.R.

Exercise3:ArrangingRows

Thearrange()functioninthedplyrpackagecanbeusedtoordertherowsina dataframe.Thisfunctionacceptsasetofcolumnstoorderbywiththedefault roworderingbeinginascendingorder.However,youcanpassthedesc()helper functiontoordertherowsindescendingorder.Missingvalueswillbeplacedat theendofthedataframe.

1.Usetheread_csv()

functiontoloadthedatasetintoadataframe.

dfFires=read_csv(“StudyArea.csv”,col_types=list(UNIT=col_character()), col_names=TRUE)

2.Filterthedatasetsothatitcontainsonlyfiresgreaterthan1,000acresburned fromtheyear2016.

df1k=filter(dfFires,TOTALACRES>=1000,YEAR_==2016)

3.Addandrunthecodeyouseebelowtocreateasubsetofcolumnsandrename them.

df1k=select(df1k,“NAME”=“FIRENAME”,“ACRES”=“TOTALACRES”,

“YR”=“YEAR_”)

4.Sorttherowssothattheyareinascendingorder.

arrange(df1k,ACRES)

NAMEACRESYR<chr><dbl><int>1Crackerbox1000.20162Lakes1000.

20163Choulic21008.20164AmigoWash1020.20165Granite1030.20166

Tie1031.20167Black1040.20168BybeeCreek1072.20169MARSHES

1080.201610BugCreek1089.2016

5.Usethe

desc()

helperfunctiontoordertherowsindescendingorder.

arrange(df1k,desc(ACRES))

NAMEACRESYR<chr><dbl><int>1PIONEER188404.20162Junkins 181320.20163Range12171915.20164Erskine48007.20165Cedar45977.

20166Maple45425.20167Rail43799.20168NorthFire42102.20169

Laidlaw39813.201610BLUECUT36274.2016

6.Youcanusethe

View()functionasawrapperaroundthesecallstoviewthedatainatabulargrid viewbyaddingthecodeyouseebelow.

View(arrange(df1k,desc(ACRES)))7.Youcancheckyourworkagainstthe solutionfileChapter4_3.R.

Exercise4:AddingRowswithmutate()

Themutate()functionisusedtoaddnewcolumnstoadataframethatarethe resultofafunctionyourunonothercolumnsinthedataframe.Anynew columnscreatedwiththemutate()functionwillbeaddedtotheendofthedata frame.Thisfunctioncanbeincrediblyusefulfordynamicallycreatingnew columnsthataretheresultofoperationsperformedonothercolumnsfromthe dataframe.Inthisexerciseyou’lllearnhowthemutate()functioncanbeusedto createnewcolumnsinadataframe.

1.You’regoingtoneedthelubridatepackageforthisexercise.Thelubridate packageispartoftidyverseandisusedtoworkwithdatesandtimes.InR

Studio,checkthePackagestabtomakesurethatlubridatehasbeeninstalled andloadedasseeninthescreenshotbelow.Ifnot,you’llneedtodosonow usingtheinstructionsforinstallingandloadingapackagecoveredin Chapter1: IntroductiontoR.

2.Recallfrom Chapter1:IntroductiontoR thatyoucanalsoloadaninstalled libraryusingthesyntaxseenbelow.

library(lubridate)

3.Usetheread_csv()functiontoloadthedatasetintoadataframe.

dfFires=read_csv(“StudyArea.csv”,col_types=list(UNIT=col_character()), col_names=TRUE)

4.Usetheselect()

functiontodefineasetofcolumnsforthedataframe.



df=select(dfFires,ORGANIZATI,STATE,YEAR_,TOTALACRES,CAUSE, STARTDATED)

5.Dosomebasicfilteringofthedatasothatonlyfiresgreaterthan1,000acres burnedandhaveacauseofHumanorNaturalareincluded.Therearesome recordsmarkedasUnknowninthedataset,sowe’llremovethoseforthis exercise.

df=filter(df,TOTALACRES>=1000&CAUSE%in%c(‘Human’,‘Natural’)) 6.Usethemutate()functiontocreateanewDOYcolumnthatcontainstheday oftheyearthatthefirestarted.Theyday()functionfromthelubridatepackageis usedtoreturnthedayoftheyearusingaformattedinputdatefromthe STARTDATEDcolumn.

df=mutate(df,DOY=yday(as.Date(df$STARTDATED,format=’%m/%d/%y

%H:%M’)))

7.ViewtheresultingDOYcolumn.

View(df)

8.YoucancheckyourworkagainstthesolutionfileChapter4_4.R.

9.Inthenextexercisethemutate()functionwillbeusedagainwhenwecreatea columnthatholdsthedecadeofthefireandthencalculatesthetotalacreage burnedbyacreage.

Exercise5:SummarizingandGrouping

Summarystatisticsforadataframecanbeproducedwiththesummarize() function.Thesummarize()functionproducesasinglerowofdatacontaining summarystatisticsfromadataframe.Thisfunctionisnormallypairedwiththe group_by()functiontoproducegroupsummarystatistics.

Thegroupingofdatainadataframefacilitatesthesplit-apply-combine paradigm.Thisparadigmfirstsplitsthedataintogroups,usingthegroup_by() functionindplyr,thenappliesanalysistothegroup,andfinally,combinesthe results.Thegroup_by()functionhandlesthesplitportionoftheparadigmby creatinggroupsofdatausingoneormorecolumns.Forexample,youmight groupallwildfiresbystateandcause.

Inthisstepyou’llusethemutate(),summarize(),andgroup_by()functionsto groupwildfiresbydecadeandproduceasummaryofthemeanwildfiresizefor eachdecade.

1.Usetheread_csv()functiontoloadthedatasetintoadataframe.

dfFires=read_csv(“StudyArea.csv”,col_types=list(UNIT=col_character()), col_names=TRUE)

2.Selectthecolumnsthatwillbeusedintheexercise.

df=select(dfFires,ORGANIZATI,STATE,YEAR_,TOTALACRES,CAUSE) 3.Filtertherecords.

df=filter(df,TOTALACRES>=1000)

4.Usethemutate()functiontocreateanewcolumncalledDECADEthat definesthedecadeinwhicheachfireoccurred.Inthiscaseanifelse()functionis calledtoproducethevaluesforeachdecade.

functioniscalledtoproducethevaluesforeachdecade.

1989”,ifelse(YEAR_%in%1990:1999,“1990-1999”,ifelse(YEAR_%in%

2000:2009,“2000-2009”,ifelse(YEAR_%in%2010:2016,“2010-2016”,

“-99”)))))5.Viewtheresult.

View(df)





6.Usethegroup_by()functiontogroupthedataframebydecade.

grp=group_by(df,DECADE)

7.Summarizethemeansizeofwildfiresbydecadeusingthesummarize() function.

sm=summarize(grp,mean(TOTALACRES))

8.Viewtheresult.

View(sm)

9.Let’stidy

thingsupbyrenamingthenewcolumnproducedbythesummarize() function.

names(sm)<-c(“DECADE”,“MEAN_ACRES_BURNED”)

10.Finally,let’screateabarchartoftheresults.We’lldiscussthecreationof manydifferenttypesofchartsandgraphsaswemovethroughlaterchaptersof thebooksodetaileddiscussionofthesetopicswillbesavedforlater.

ggplot(data=sm)+geom_col(mapping=aes(x=DECADE,y=MEAN_ACRES_

BURNED),fill=”red”)



11.YoucancheckyourworkagainstthesolutionfileChapter4_5.R.

Exercise6:Piping

Asyou’veprobablynoticedinsomeoftheseexercises,itisnotunusualtoruna seriesofdplyrfunctionsaspartofalargerprocessingroutine.Asyou’llrecall, eachdplyrfunctionreturnsanewdataframe,andthisdataframeistypically usedastheinputtothenextdplyrfunctionintheseries.Thesedataframesare intermediatedatasetsnotneededbeyondthecurrentstep.However,youarestill requiredtonameandcodeeachofthesedatasets.

Pipingisamoreefficientwayofhandlingthesetemporary,intermediate datasets.Insum,pipingisanefficientwayofsendingtheoutputofonefunction toanotherfunctionwithoutcreatinganintermediatedatasetandismostuseful whenyouhaveaseriesoffunctionstorun.Thesyntaxforpipingistousethe %>%charactersattheendofeachstatementthatyouwanttopipe.Inthis exerciseyou’lllearnhowtousepipingtochaintogetherinputandoutputdata frames.

1.Inthelastexercisetheselect(),filter(),mutate(),group_by(),andsummarize() functionwereallusedinaseriesthatultimatelyproducedabarchartshowing themeanacreageburnedbywildfiresinthepastfewdecades.Eachofthese functionsreturnadataframe,whichisthenusedasinputtothenextfunctionin theseries.Pipingisamoreefficientwayofcodingthischainingoffunction calls.Rewritethecodeproducedin Exercise4:AddingRowswithmutate() as seenbelowandthenwe’lldiscusshowpipingworks.

library(lubridate)

df=read_csv(“StudyArea.csv”,col_types=list(UNIT=col_character()), col_names=TRUE)%>%

select(ORGANIZATI,STATE,YEAR_,TOTALACRES,CAUSE,

STARTDATED)%>%

filter(TOTALACRES>=1000&CAUSE%in%c(‘Human’,‘Natural’))%>%

mutate(DOY=yday(as.Date(STARTDATED,format=’%m/%d/%y%H:%M’))) View(df)

ThefirstlineofcodereadsthecontentsoftheexternalStudyArea.csvfileintoa dataframevariable(df)aswe’vedoneinalltheotherexercisesinthischapter.

However,you’llnoticetheinclusionofthepipingstatement(%>%>)attheend oftheline.Thisensuresthatthecontentsofthedfvariablewillautomaticallybe senttotheselect()function.

Noticethattheselect()functiondoesnotcreateavariablelikewehavedonein thepastexercises,andthatwehaveleftoffthefirstparameter,whichwould normallyhavebeenthedataframevariable.Itisimpliedthatthedfvariablewill bepassedtotheselect()function.

Thissameprocessofincludingthepipingstatementattheendofeachlineand leavingoffthefirstparameterisrepeatedforalltheadditionallinesofcode wherewewanttoautomaticallypassthedfvariabletothenextdplyrfunction.

Finally,weviewthecontentsofthedfvariableusingtheView()functiononthe lastline.

Pipingmakesyourcodemorestreamlinedandeasiertoreadandalsotakesaway theneedtocreateandpopulatevariablesthatareonlyusedasintermediate datasets.

2.Youcancheckyourworkagainstthesolutionfile

Chapter4_6.R.

Exercise7:Challenge

Thechallengestepisoptional,butitwillgiveyouachancetoreinforcewhat you’velearnedinthismodule.Createanewdataframethatisasubsetofthe originaldfFiresdataframe.ThesubsetshouldcontainallfiresfromtheStateof IdahoandthecolumnsshouldbelimitedsothatonlytheYEAR_,CAUSE,and TOTALACREScolumnsarepresent.Renamethecolumnsifyouwish.Group thedatabyCAUSEandYEARandthensummarizebytotalacresburned.Plot theresults.

Conclusion

Inthischapteryoulearnedhowtousethedplyrpackagetoperformvariousdata transformationfunctions.Youlearnedhowtolimitcolumnswiththeselect() function,filteradataframebasedononeormoreexpressions,addcolumnswith mutate(),andsummarizeandgroupdata.Finally,youlearnedhowtousepiping tomakeyourcodemoreefficient.

Inthenextchapteryou’llhowtocreatetidydatasetswiththetidyrpackage.


Chapter5



CreatingTidyData

Let’sfirstdescribewhatwemeanby“tidydata”,becausethetermdoesn’t necessarilyfullydescribetheconcept.Datatidyingisaconsistentwayof organizingdatainRandcanbefacilitatedthroughthetidyrpackagefoundinthe tidyverseecosystem.Therearethreerulesthatwecanfollowtomakeadataset tidy.First,eachvariablemusthaveitsowncolumn.Second,eachobservation musthaveitsownrow,andfinally,eachvaluemusthaveitsowncell.Thisis illustratedbythediagrambelow.

Therearetwomainadvantagesofhavingtidydata.Oneismoreofageneral advantageandtheotherismorespecific.First,havingaconsistent,uniformdata structureisveryimportant.Theotherpackagesthatarepartoftidyverse, includingdplyrandggplot2aredesignedtoworkwithtidydatasoensuringthat yourdataisuniformfacilitatestheefficientprocessingofyourdata.Inaddition, placingvariablesintocolumnsallowsfortheeasilyfacilitationofvectorization inR.

Manydatasetsthatyouencounterwillnotbetidyandwillrequiresomeworkon yourend.Therecanbemanyreasonswhyadatasetisn’ttidy.Oftentimesthe peoplewhocreatedthedatasetaren’tfamiliarwiththeprinciplesoftidydata.

Unlessyouaretrainedinthepracticeofcreatingtidydatasetsorspendalotof timeworkingwithdatastructurestheseconceptsaren’treadilyapparent.

Anothercommonreasonthatdatasetsaren’ttidyisthatdataisoftenorganizedto facilitatesomethingotherthananalysis.Dataentryisperhapsthemostcommon ofthereasonsthatfallintothiscategory.Tomakedataentryaseasyaspossible, peoplewilloftenarrangedatainwaysthataren’ttidy.So,manydatasetsrequire somesortoftidyingbeforeyoucanbeginyouranalysis.



Thefirststepistofigureoutwhatthevariablesandobservationsareforthe dataset.Thiswillfacilitateyourunderstandingofwhatthecolumnsandrows shouldbe.Inaddition,youwillalsoneedtoresolveoneortwocommon problems.Youwillneedtofigureoutifonevariableisspreadacrossmultiple columns,andyouwillneedtofigureoutifoneobservationisscatteredacross multiplerows.Theseconceptsareknownasgatheringandspreading.We’ll examinetheseconceptsfurtherintheexercisesinthischapter.

Inthischapterwe’llcoverthefollowingtopics:

•Gathering

•Spreading

•Separating

•Uniting

Exercise1:Gathering

Acommonprobleminmanydatasetsisthatthecolumnnamesarenotvariables butrathervaluesofavariable.Inthefigurebelow,the1999and2000columns areactuallyvaluesofthevariableYEAR.Eachrowintheexistingtableactually representstwoobservations.Thetidyrpackagecanbeusedtogatherthese existingcolumnsintoanewvariable.Inthiscase,weneedtocreateanew columncalledYEARandthengathertheexistingvaluesinthe1999and2000

columnsintothenewYEARcolumn.

Thegather()functionfromthetidyrpackagecanbeusedtoaccomplishthe gatheringofdata.Takealookatthelineofcodebelowtoseehowthisfunction works.



gather(‘1999’,‘2000’,key=‘year’,value=‘cases’)

Therearethreeparametersofthegather()function.Thefirstisthesetofcolumns thatrepresentwhatshouldbevaluesandnotvariables.Thesewouldbethe1999

and2000columnsintheexamplewehavebeenfollowing.Next,you’llneedto namethevariableofthenewcolumn.Thisisalsocalledthekey,andinthiscase willtheyearvariable.Finally,you’llneedtoprovidethevalue,whichisthe nameofthevariablewhosevaluesarespreadoverthecells.

Inthisexerciseyou’lllearnhowtousethegather()functiontoresolvethetypes ofproblemswediscussedintheintroductiontothistopic.

1.IntheDatafolderwhereyouinstalledtheexercisedataforthisbookisafile calledCountryPopulation.csv.Openthisfile,preferablyinMicrosoftExcel,or someothertypeofspreadsheetsoftware.Thefileshouldlooksimilartothe screenshotbelow.Thisspreadsheetincludesshouldlooksimilartothe screenshotbelow.Thisspreadsheetincludes2017.Thecolumnsforeachyear representvalues,notvariables.Thesecolumnsneedtobegatheredintoanew pairofvariablesthatrepresenttheYearandPopulation.Inthisexerciseyou’ll usethegather()functiontoaccomplishthisdatatidyingtask.



2.OpenRStudioandfindtheConsolepane.

3.Ifnecessary,settheworkingdirectorybytypingthecodeyouseebelowinto theConsolepaneorbygoingtoSession|SetWorkingDirectory|Choose DirectoryfromtheRStudiomenu.

setwd(<installationdirectoryforexercisedata>)

4.Ifnecessary,loadthereadrandtidyrpackagesbyclickingthecheckboxesin thePackagespaneorbyincludingthefollowinglineofcode.

library(readr)

library(tidyr)

5.LoadtheCountryPopulation.csvfileintoRStudiobywritingthecodeyousee belowintheConsolepane.

dfPop=read_csv(“CountryPopulation.csv”,col_names=TRUE) YoushouldseethefollowingoutputintheConsole

pane.

Parsedwithcolumnspecification:

cols(

`CountryNamè=col_character(),

`CountryCodè=col_character(),`2010`=col_double(),

`2011`=col_double(),

`2012`=col_double(),

`2013`=col_double(),

`2014`=col_double(),

`2015`=col_double(),

`2016`=col_double(),

`2017`=col_double()



)

6.Usethe

View()functiontodisplaythedatainatabularstructure.

View(dfPop)

7.Usethegather()functionasseenbelow.

dfPop2=gather(dfPop,`2010`,`2011`,`2012`,`2013`,`2014`,`2015`,`2016`,

`2017`,key=‘YEAR’,value=‘POPULATION’)

8.Viewtheoutput.

View(dfPop2)



9.YoucancheckyourworkagainstthesolutionfileChapter5_1.R.

Exercise2:Spreading

Spreadingistheoppositeofgatheringandisusedwhenanobservationisspread acrossmultiplerows.Inthediagrambelow,table2shoulddefineanobservation ofonecountryperyear.However,you’llnoticethatthisisspreadacrosstwo rows.Onerowforcasesandanotherforpopulation.



Wecanusethespread()functiontofixthisproblem.Thespread()functiontakes twoparameters:thecolumnthatcontainsvariablenames,knownasthekeyand acolumnthatcontainsvaluesfrommultiplevariables–thevalue.

spread(table2,key,value)

Inthisexerciseyou’lllearnhowtousethespread()functiontoresolvethetypes ofproblemswediscussedintheintroductiontothistopic.

1.Forthisexerciseyou’lldownloadsomesampledatathatneedstobespread.

InstallthedevtoolspackageandDSRdatasetsusingthecodeyouseebelowby typingintheConsolepane.Alternatively,youcanusethePackagespaneto installthepackages.

install.packages(“devtools”)

devtools::install_github(“garrettgman/DSR”)

2.LoadtheDSRlibrarybygoingtoPackageandclickingthecheckboxnextto DSR.

3.Viewtable2.Inthiscase,anobservationisonecountryperyear,butyou’ll noticethateachobservationisactuallyspreadintotworows.

View(table2)



4.Usethespread()functiontocorrectthisproblem.

table2b=spread(table2,key=type,value=count)

5.Viewtheresults.

View(table2b)





6.YoucancheckyourworkagainstthesolutionfileChapter5_2.R.

Exercise3:Separating

Anothercommoncaseinvolvestwovariablesbeingplacedintothesame column.Forexample,thespreadsheetbelowhasaState-CountyNamecolumn thatactuallycontainstwovariablesseparatedbyaslash.

Theseparate()functioncanbeusedtosplitacolumnintomultiplecolumnsby splittingonaseparator.Bydefault,theseparate()functionwillautomatically lookforanynonalphanumericcharacteroryoucandefineaspecificcharacter.



Here,theseparate()functionwillsplitthevaluesoftheState-CountyName columnintotwovariables:StateAbbrevandCountyName.

Theseparate()functionacceptsparametersforthenameofthecolumnto separatealongwiththenamesofthecolumnstoseparateinto,andanoptional separator.Bydefault,separate()willlookforanynon-alphanumericcharacterto useastheseparator,butyoucanalsodefineaspecificseparator.Youcanseean exampleofhowtheseparate()functionworksbelow.

separate(table3,rate,into=c(“cases”,“population”))

Inthisexerciseyou’lllearnhowtousetheseparate()functiontoresolvethe typesofproblemswediscussedintheintroductiontothistopic.

1.IntheDatafolderwhereyouinstalledtheexercisedataforthisbookisafile calledusco2005.csv.Openthisfile,preferablyinMicrosoftExcel,orsomeother typeofspreadsheetsoftware.Thefileshouldlooksimilartothescreenshot below.

2.Loadtheusco2005.csvfileintoRStudiobywritingthecodeyouseebelowin





theConsolepane.

df=read_csv(“usco2005.csv”,col_names=TRUE)

3.Viewtheimporteddata.

View(df)

4.Usetheseparate()functiontoseparatethecontentsoftheStateCountyName columnintoStateAbbrevandCountyNamecolumns.

df2=separate(df,”StateCountyName”,into=c(“StateAbbrev”,

“CountyName”))

5.Viewtheresults.

View(df2)

6.YoucancheckyourworkagainstthesolutionfileChapter5_3.R.

Exercise4:Uniting

TheUnite()functionistheexactoppositeofseparate()inthatitcombines multiplecolumnsintoasinglecolumn.Whilenotusednearlyasoftenas separate(),theremaybetimeswhenyouneedthefunctionalityprovidedby unite().Inthisexerciseyou’llunitethedataframethatwasseparatedinthelast exercise.

1.IntheConsolepane,addthecodeyouseebelowtounitetheStateAbbrevand



CountyNamecolumnsbackintoasinglecolumn.

df3=unite(df2,State_County_Name,StateAbbrev,CountyName) 2.Viewtheresult.

View(df3)

3.YoucancheckyourworkagainstthesolutionfileChapter5_4.R.

Conclusion

Inthischapteryouwereintroducedtothetidyrpackageanditssetoffunctions forcreatingtidydatasets.Thenextchapterwillteachyouthebasicsofdata explorationusingRandtidyverse.


Chapter6

BasicDataExplorationTechniquesinR

ExploratoryDataAnalysis(EDA)isaworkflowdesignedtogainabetter understandingofyourdata.Theworkflowconsistsofthreesteps.Thefirstisto generatequestionsaboutyourdata.Inthisstepyouwanttobeasbroadas possiblebecauseatthispointyoudon’treallyhaveagoodfeelforthedata.

Next,searchforanswerstothesequestionsbyvisualizing,transforming,and modelingthedata.Finally,refineyourquestionsandorgeneratenewquestions.

InRtherearetwoprimarytoolsthatsupportthedataexplorationprocess:plots andsummarystatistics.

Datacangenerallybedividedintocategoricalorcontinuoustypes.Categorical variablesconsistofasmallsetofvalues,whilecontinuousvariableshavea potentiallyinfinitesetoforderedvalues.Categoricalvariablesareoften visualizedwithbarcharts,andcontinuousvariableswithhistograms.Both categoricalandcontinuousdatacanberepresentedthroughvariouscharts createdwithR.

Whenperformingbasicvisualizationofvariables,wetendtomeasureeither variationorcovariation.Variationisthetendencyofthevaluesofavariableto changefrommeasurementtomeasurement.Thevariablebeingmeasuredisthe samethough.Thiswouldincludethingslikethetotalacresburnedbyawildfire (continuous)orthenumberofcrimesbypolicedistrict(categoricaldata.

Covariationisthetendencyofthevaluesoftwoormorevariablestovary togetherinarelatedway.

•Measuringcategoricalvariationwithabarchart

•Measuringcontinuousvariationwithahistogram

•Measuringcovariationwithboxplots

•Measuringcovariationwithsymbolsize

•Creating2Dbinsandhexcharts

•Generatingsummarystatistics

Exercise1:MeasuringCategoricalVariationwithaBarChart Abarchartisagreatwaytovisualizecategoricaldata.Itseparateseachcategory intoaseparatebarandthentheheightofeachbarisdefinedbythenumberof occurrencesinthatcategory.

1.Theexercisesinthischapterrequirethefollowingpackages:readr,dplyr, ggplot2.TheycanbeloadedfromthePackagespane,theConsolepane,ora script.

2.OpenRStudioandfindtheConsolepane.

3.Ifnecessary,settheworkingdirectorybytypingthecodeyouseebelowinto theConsolepaneorbygoingtoSession|SetWorkingDirectory|Choose DirectoryfromtheRStudiomenu.

setwd(<installationdirectoryforexercisedata>)

4.Usetheread_csv()

functiontoloadthedatasetintoadataframe.

dfFires<-read_csv(“StudyArea.csv”,col_types=list(UNIT=col_character()), col_names=TRUE)

5.Forthisanalysis,we’llfilterthedatasothatonlyfiresthatburnedgreaterthan 1,000acresintheyears2010through2016arerepresented.Addthecodeyou seebelowtofilterthedataandandsendtheresultstoabarchart.

df<-filter(df,TOTALACRES>=1000,YEAR_%in%c(2010,2011,2012, 2013,2014,2015,2016))

ggplot(data=df)+geom_bar(mapping=aes(x=YEAR_))

Thiswillproduceabarchartthatappearsasseeninthescreenshotbelow.



6.Usethecount()functiontogettheactualcountforeachcategory.

View(count(df,YEAR_))



Exercise2:MeasuringContinuousVariationwithaHistogram Thedistributionofacontinuousvariablecanbemeasuredwiththeuseofa histogram.Inthisexerciseyou’llcreateahistogramofwildfireacresburned.

1.Onanewline,usetheread_csv()functiontoloadtheStudyArea.csvfile.

dfFires<-read_csv(“StudyArea.csv”,col_types=list(UNIT=col_character()), col_names=TRUE)

2.Pipethedataframeandusetheselect()functiontolimitthecolumnsandfilter therowssothatonlyfiresgreaterthan1,000acresareincluded.Sincewehavea largenumberofwildfiresthatburnedonlyasmallnumberofacreswe’llfocus onfiresthatarealittlelargerinthiscase.

df%>%

select(ORGANIZATI,STATE,YEAR_,TOTALACRES,CAUSE)%>%

filter(TOTALACRES>=1000)%>%

3.Createthehistogramusingggplot()withgeom_hist()andabinsizeof500.

Thedataisobviouslystillskewedtowardthelowerendofthenumberofacres burned.Addthehighlightedcodeyouseebelowtoproducethechart.

df%>%

select(ORGANIZATI,STATE,YEAR_,TOTALACRES,CAUSE)%>%

filter(TOTALACRES>=1000)%>%



ggplot()+geom_histogram(mapping=aes(x=TOTALACRES), 

binwidth=500)

4.Youcanalsogetaphysicalcountofthenumberoffiresthatfellintoeachbin.

Fromviewingthehistogramandthecountit’sobviousthatthevastmajorityof firesaresmall.

df%>%

count(cut_width(TOTALACRES,500))

`cut_width(TOTALACRES,500)`n

<fct><int>

1[750,1250]154

2(1250,1750]178

3(1750,2250]144

4(2250,2750]82

5(2750,3250]70

6(3250,3750]39

7(3750,4250]59

8(4250,4750]42

9(4750,5250]40

10(5250,5750]37

5.Challenge:Recreatethehistogramusingabinsizeof5000.Whatistheeffect ontheoutput?

Exercise3:MeasuringCovariationwithBoxPlots

Boxplotsprovideavisualrepresentationofthespreadofdataforavariable.

Theseplotsdisplaytherangeofvaluesforavariablealongwiththemedianand quartiles.Followtheinstructionsprovidedbelowtocreateaboxplotthat measurescovariationbetweenorganizationandtotalacreageburned.

1.Usethe

read_csv()functiontoloadthedatasetintoadataframe.

dfFires<-read_csv(“StudyArea.csv”,col_types=list(UNIT=col_character()), col_names=TRUE)

2.Pipethedataframeandfiltertherowssothatonlyfirebetween5000and 1000acresareincluded.Then,groupthedatabyorganization.The ORGANIZATIcolumninthedatasetcontainscategoricaldatafortheU.S.

federalgovernmentagenciesthathavehadlandaffectedbywildfires.Finally, useggplot()withgeom_boxplot()tocreateaboxplotshowingthedistributionof wildfiresbyorganization.

df%>%

filter(TOTALACRES>=5000&TOTALACRES<=10000)%>%

group_by(ORGANIZATI)%>%

ggplot(mapping=aes(x=ORGANIZATI,y=TOTALACRES))+geom_

boxplot()



TheorganizationislistedontheXaxisandthetotalacreageburnedontheY

axis.Theboxcontainsahorizontallinethatrepresentsthemedianforthe variableandtheboxitselfisknownastheInterQuartileRange(IQR).The verticallinesthatextendoneithersideoftheboxareknownasthewhiskersand representthefirstandfourthquartile.Alargerboxandwhiskersindicatealarger distributionofdata.

3.Challenge:Createanewboxplotthatmapsthecovariationof

CAUSEandTOTALACRES.

Exercise4:MeasuringCovariationwithSymbolSize

Thegeom_count()functioncanbeusedwithggplot()tomeasurecovariation betweenvariablesusingdifferentsymbolsizes.Followtheinstructionsprovided belowtomeasurethecovariationbetweenorganizationandwildfirecauseusing symbolsize.

1.Usetheread_csv()functiontoloadthedatasetintoadataframe.

dfFires<-read_csv(“StudyArea.csv”,col_types=list(UNIT=col_character()), col_names=TRUE)



2.Pipethedataframeandfiltertherowssothatonlywildfiresthatoriginated duetoNaturalorHumancausesareincluded.Thiswillremoveanyrecordsthat areUnknownorhavemissingvalues.Then,usegeom_count()tocreatea graduatedsymbolchartbasedonthenumberoffiresbyorganization.

df%>%

filter(CAUSE==‘Natural’|CAUSE==‘Human’)%>%

group_by(ORGANIZATI)%>%

ggplot()+geom_count(mapping=aes(x=ORGANIZATI,y=CAUSE)) 3.Youcanalsogetanexactcountofthenumberoffiresbyorganizationand cause.

df%>%

count(ORGANIZATI,CAUSE)

ORGANIZATICAUSEn

<chr><chr><int>

1BIAHuman49

2BIANatural91

3BLMHuman187

4BLMNatural386

5FSHuman158

6FSNatural431

7FWSHuman10

8FWSNatural7

9FWSUndetermined6

10NPSHuman6

11NPSNatural46

Exercise5:2Dbinandhexcharts

Youcanalsouse2Dbinandhexchartsasanalternativewayofviewingthe distributionoftwovariables.Followtheinstructionsprovidedbelowtocreate 2Dbinandhexchartsthatvisualizetherelationshipbetweentheyearandtotal acreageburned.

1.Usethe

read_csv()functiontoloadthedatasetintoadataframe.

dfFires<-read_csv(“StudyArea.csv”,col_types=list(UNIT=col_character()), col_names=TRUE)

2.Createa2DbinmapwithYEAR_ontheXaxisandTOTALACRESontheY

axis.

ggplot(data=dfFires)+geom_bin2d(mapping=aes(x=YEAR_,

y=TOTALACRES))



3.Createa2DhexmapwithYEAR_ontheXaxisandTOTALACRESontheY

axis.

ggplot(data=df)+geom_hex(mapping=aes(x=YEAR_,y=TOTALACRES))



Exercise6:GeneratingSummaryStatistics

Anotherbasictechniqueforperformingexploratorydataanalysisistogenerate varioussummarystatisticsonadataset.Rincludesanumberofindividual functionsforgeneratingspecificsummarystatisticsoryoucanusethe summary()functiontogenerateasetofsummarystatistics.

1.ReloadtheStudyArea.csvfileintoadataframe.

df<-read_csv(“StudyArea.csv”,col_types=list(UNIT=col_character()), col_names=TRUE)

2.Restrictthelistofcolumns.

df<-select(df,ORGANIZATI,STATE,YEAR_,TOTALACRES,CAUSE) 3.Filterthelisttoincludeonlywildfiresgreaterthan1,000acres.

df<-filter(df,TOTALACRES>=1000)

4.Callthemean()function,passinginareferencetothedataframeandthe TOTALACREScolumn.

mean(df$TOTALACRES)

[1]10813.06

5.Callthemedian()function.

median(df$TOTALACRES)[1]3240

6.Insteadofcallingtheindividualsummarystatisticsfunctionsyoucansimply usethesummary()functiontoreturnalistofsummarystatistics.

summary(df$TOTALACRES)

Min.1stQu.MedianMean3rdQu.Max.100016703240108138282590620

7.YoucancheckyourworkagainstthesolutionfileChapter6_6.R.

Conclusion

InthischapteryoulearnedsomebasicdataexplorationtechniquesusingR.You learnedhowtomeasurecategoricalandcontinuousvariationwithbarchartsand histograms,andcovariationwithboxplotsanddifferentsymbolsize.Finally, youlearnedhowtogeneratesummarystatisticsandcreate2Dbinsandhex charts.

Inthenextchapteryou’lllearnhowtovisualizedatausingtheggplot2package.


Chapter7

BasicDataVisualizationTechniques

Theggplot2packageisalibrarythatenablesthecreationofmanytypesofdata visualizationincludingvarioustypesofchartsandgraphs.Thislibrarywasfirst createdbyHadleyWickhamin2005andisanRimplementationofLeland Wilkinson’sGrammarofGraphics.Theideabehindthispackageistospecify plotbuildingblocksandthencombinethemtocreateagraphicaldisplay.

Buildingblocksofggplot2includedata,aestheticmapping,geometricobjects, statisticaltransformations,scales,coordinatesystems,positionadjustments,and faceting.

Thereareanumberofadvantagestousingggplot2versusothervisualization techniquesavailableinR.Theseadvantagesincludeaconsistentstylefor definingthegraphics,ahighlevelofabstractionforspecifyingplots,flexibility, abuilt-inthemingsystemforplotappearance,matureandcompletegraphics system,andaccesstomanyotherggplot2usersforsupport.

Inthischapterwe’llcoverthefollowingtopics:

•Creatingascatterplot

•Addingaregressionlinetoascatterplot

•Plottingcategories

•Labelingthegraph

•Legendlayouts

•Creatingafacet

•Theming

•Creatingbarcharts

•Creatingviolinplots

•Creatingdensityplots

Step1:Creatingascatterplot

Ascatterplotisagraphinwhichthevaluesoftwovariablesareplottedalong twoaxes,withthepatternoftheresultingpointsrevealinganycorrelation present.

1.Theexercisesinthischapterrequirethefollowingpackages:readr,dplyr, ggplot2.TheycanbeloadedfromthePackagespane,theConsolepane,ora script.

2.OpenRStudioandfindtheConsolepane.

3.Ifnecessary,settheworkingdirectorybytypingthecodeyouseebelowinto theConsolepaneorbygoingtoSession|SetWorkingDirectory|Choose DirectoryfromtheRStudiomenu.

setwd(<installationdirectoryforexercisedata>)

4.LoadthecontentsoftheStudyArea.csvfileintoadataframe.

dfWildfires<-read_csv(“StudyArea.csv”,col_types=list(UNIT=

col_character()),col_names=TRUE)

5.Createasubsetofcolumns.

df<-select(dfWildfires,ORGANIZATI,STATE,YEAR_,TOTALACRES, CAUSE)

6.Grouptherecordsbyyear.

grp<-group_by(df,YEAR_)

7.Summarizethedatabytotalnumberofacresburned.

sm<-summarize(grp,totalacres=sum(TOTALACRES))

8.Useggplot()tocreateascatterplotwiththeyearonthexaxisandthetotal acresburnedontheyaxis.

ggplot(data=sm)+geom_point(mapping=aes(x=YEAR_,y=totalacres))



9.Therearetimeswhenitmakessensetousethelogarithmicscalesincharts andgraphs.Onereasonistorespondtoskewnesstowardslargevalues,i.e,cases inwhichoneorafewpointsaremuchlargerthanthebulkofthedata.Inthe graphthatwejustcreatedthereareacouplepointsthatfallintothiscategoryon theyaxis.

Createthegraphagain,butthistimeusethe

log()functiononthetotalacrescolumn.

ggplot(data=sm)+geom_point(mapping=aes(x=YEAR_,y=log(totalacres)))



10.YoucancheckyourworkagainstthesolutionfileChapter7_1.R.

Step2:Addingaregressionlinetothescatterplot

Plotsconstructedwithggplot()canhavemorethanonegeometry.It’scommon toaddaprediction(regression)linetotheplot.

1.Thereareseveralwaysthatyoucanaddaregressionlinetothescatterplot, oneofwhichistousethegeom_smooth()functionwiththemethodsettolm (straightline)andtheseparametersettoFALSE.Addthelineofcodeyousee belowtotheconsolewindow.

ggplot(data=sm,aes(x=YEAR_,y=log(totalacres)))+geom_point()+

geom_smooth(method=lm,se=FALSE)



2.Changethemethodtoloesstheeffectontheregressionline.

ggplot(data=sm,aes(x=YEAR_,y=log(totalacres)))+geom_point()+

geom_smooth(method=loess,se=FALSE)



3.Youcanaddaconfidenceintervalaroundtheregressionlinebysettingse=

TRUE.

ggplot(data=sm,aes(x=YEAR_,y=log(totalacres)))+geom_point()+

geom_smooth(method=loess,se=TRUE)



4.YoucancheckyourworkagainstthesolutionfileChapter7_2.R.

Step3:Plottingcategories

Ratherthangraphingtheentiresetofwildfiresyoumightwanttobetter understandthetrendsbystate.Inthisstepyou’llcreateanewscatterplotthat visualizeswildfirestrendsovertimebystate.

1.Regroupthewildfiresdataframebystateandyear.

grp<-group_by(df,STATE,YEAR_)

2.Summarizethegroupsbytotalacresburned.

sm<-summarize(grp,totalacres=sum(TOTALACRES))

3.Adda

colourparametertotheaes()functionsothatthepointsandregressionlineare mappedaccordingtothestateinwhichtheyoccurred.

ggplot(data=sm,aes(x=YEAR_,y=totalacres,colour=STATE))+geom_

point(aes(colour=STATE))+stat_smooth(method=lm,se=FALSE)



4.YoucancheckyourworkagainstthesolutionfileChapter7_3.R

Step4:Labelingthegraph

Youcanaddlabelstoyourgraphthrougheitherthegeom_text()functionorthe geom_label()function.

1.Labeleachofthepointsonthescatterplotusinggeom_text()withalabelsize of3

.

ggplot(data=sm,aes(x=YEAR_,y=log(totalacres)))+geom_point()+

geom_smooth(method=loess,se=TRUE)+geom_text(aes(label=STATE), size=3)



Nowthisobviouslydoesn’tworkverywell.Thedisplayisextremelycluttered solet’sadjustafewparameterstomakethiseasiertoread.

2.Youcanusethecheck_overlap

parametertoremoveanyoverlappinglabels.Updateyourcodeasseenbelow.

ggplot(data=sm,aes(x=YEAR_,y=log(totalacres)))+geom_point()+

geom_smooth(method=loess,se=TRUE)+geom_text(aes(label=STATE), size=3,check_overlap=TRUE)



3.Thislookquiteabitbetterbutifyouchangethelabelsizeto2itwillfurther reducetheclutterandoverlappingwhilehopefullystillbeingreadable.



4.Youmayhavenoticedthatthelabelssitdirectlyontopofthetopics.Youcan usethenudge_xandnudge_yparameterstomovethelabelsrelativetothepoint.

Usenudge_xasseenbelowtoseehowthismovesthelabelshorizontally.

ggplot(data=sm,aes(x=YEAR_,y=log(totalacres)))+geom_point()+

geom_smooth(method=loess,se=TRUE)+geom_text(aes(label=STATE), size=2,check_overlap=TRUE,nudge_x=1.0)



5.Youcanalsocolorthelabelsbycategorybyaddingthecolorparametertothe aes()forgeom_text()

.

ggplot(data=sm,aes(x=YEAR_,y=log(totalacres)))+geom_point()+

geom_smooth(method=loess,se=TRUE)+geom_text(aes(label=STATE, color=STATE),size=2,check_overlap=TRUE,nudge_x=1.0)



6.Youcanalsoaddasubtitleandcaptionwiththecodeyouseebelow.

ggplot(data=sm,aes(x=YEAR_,y=log(totalacres)))+geom_point()+

geom_smooth(method=loess,se=TRUE)+labs(title=paste(“AcreageBurnedby WildfiresHasIncreasedInthePastFewDecades”),subtitle=paste(“1980-2016”),caption=”DatafromUSGS”) 

7.YoucanalsoupdatetheXandY

labelsforthegraph.Updatetheselabelsonyourgraphusingthecodeyousee below.

ggplot(data=sm,aes(x=YEAR_,y=log(totalacres)))+geom_point()+

geom_smooth(method=loess,se=TRUE)+labs(title=paste(“AcreageBurnedby WildfiresHasIncreasedInthePastFewDecades”),subtitle=paste(“1980-2016”),caption=”DatafromUSGS”)+scale_y_continuous(name=”LogofTotal AcresBurned”)+scale_x_continuous(name=”BurnYear”) 

8.YoucancheckyourworkagainstthesolutionfileChapter7_4.R

Step5:Legendlayouts

Thetheme()functioncanbeusedtocontrolthelocationofthelegendandthe guides()functioncanbeusedtoprovideadditionallegendcontrol.

1.Thetheme()functionalongwiththelegend.postionargumentisusedto controlthelocationofthelegendonthegraph.Bydefault,thelegendwe’ve seensofarhasbeenplacedontherightsideofthegraphwithavertical orientation.Repositionthelegendtothebottomwiththecodebelow.

ggplot(data=sm,aes(x=YEAR_,y=log(totalacres),color=STATE))+

geom_point()+labs(title=paste(“AcreageBurnedbyWildfiresHasIncreasedIn thePastFewDecades”),subtitle=paste(“1980-2016”),caption=”Datafrom USGS”)+scale_y_continuous(name=”LogofTotalAcresBurned”)+

scale_x_continuous(name=”BurnYear”)+theme(legend.position=”bottom”)



2.Youcanalsoexplicitlyremovealegendbysettinglegend.position=“none”.

Trythatnowifyou’dlike.

3.Otheraspectsofthelegendsuchasthenumberofrowsinthelegendaswell asthesymbolsizecanbecontrolthroughtheguides()function.Usethecode youseebelowtoupdatethelegendtobetworowsandwitheachsymbolsetto size4.

ggplot(data=sm,aes(x=YEAR_,y=log(totalacres),color=STATE))++

geom_point()+

+labs(title=paste(“AcreageBurnedbyWildfiresHasIncreasedInthePastFew Decades”),subtitle=paste(“1980-2016”),caption=”DatafromUSGS”)+

+scale_y_continuous(name=”LogofTotalAcresBurned”)++

scale_x_continuous(name=”BurnYear”)+

+theme(legend.position=“bottom”)+

+guides(color=guide_legend(nrow=2,override.aes=list(size=4)))



4.YoucancheckyourworkagainstthesolutionfileChapter7_5.R

Step6:Creatingafacet

Aparticularlygoodwayofgraphingcategoricalvariablesistosplityourplot intofacets,whicharesubplotsthateachdisplayonesubsetofthedata.The facet_wrap()andfacet_grid()functioncanbeusedtocreatefacets.

1.Usethefacet_wrap()functiondisplayedinthecodebelowtocreateafacet mapthatdisplaystotalacresburnedbystate.

ggplot(data=sm,mapping=aes(x=YEAR_,y=log(totalacres)))+geom_

point()+facet_wrap(~STATE)+geom_smooth(method=loess,se=TRUE)



2.YoucancheckyourworkagainstthesolutionfileChapter7_6.R

Step7:Theming

includeseightbuiltinthemesthatcanbeusedtocustomizethestylingofthe ggplot2

non-dataelementsofyourplot.

1.Theeightthemesincludedinggplot2aretheme_bw,theme_classic, theme_dark,theme_gray,theme_light,theme_linedraw,theme_minimal, theme_void.

Addthecodeyouseebelowtochangethefacettotheme_dark

.

ggplot(data=sm,mapping=aes(x=YEAR_,y=log(totalacres)))+geom_point()+

facet_wrap(~STATE)+geom_smooth(method=loess,se=TRUE)+theme_dark()



2.Experimentwiththethemestoseethedifferencesinstyling.3.Youcancheck yourworkagainstthesolutionfileChapter7_7.R

Step8:Creatingbarcharts

Youcanusegeom_bar()orgeom_chart()tocreatebarchartswithggplot2.

However,thereisasignificantdifferencebetweenthetwo.Thegeom_bar() functionwillgenerateacountofthenumberofinstancesofavariable.Inother words,itchangesthestatisticthathasalreadybeengeneratedforthegroup.The geom_col()functionkeepsthevariablealreadygeneratedforthegroup.Tosee thedifference,completethefollowingsteps.

1.LoadtheStudyArea.csvfileandgetasubsetofcolumns.

dfWildfires<-read_csv(“StudyArea.csv”,col_types=list(UNIT=

col_character()),col_names=TRUE)

df<-select(dfWildfires,ORGANIZATI,STATE,YEAR_,TOTALACRES, CAUSE)

2.FilterthedataframesothatonlywildfiresforCaliforniaareincluded.

df<-filter(df,STATE==‘California’)

3.GroupthedataframebyYEAR_.



grp<-group_by(df,YEAR_)

4.Plotthedatausinggeom_bar()asseenbelow.Noticethatthebarchartthatis producedisacountofthenumberoffiresforeachyear.

ggplot(data=grp)+geom_bar(mapping=aes(x=YEAR_),fill=”red”) 5.Nowusegeom_col()toseethedifference.TheTOTALACRESvariableis maintainedinthiscase.

ggplot(data=grp)+geom_col(mapping=aes(x=YEAR_,y=TOTALACRES), fill=”red”)

6.YoucancheckyourworkagainstthesolutionfileChapter7_8.R

Step9:CreatingViolinPlots

Violinplots,whicharesimilartoboxplots,alsoshowtheprobabilitydensityat variousvalues.Thickerareasoftheviolinplotindicateahigherprobabilityat thatvalue.Typically,violinplotsalsoincludeamarkerforthemedianalong withtheInter-QuartileRange(IQR).Thegeom_violin()functionisusedto createviolinplotsinggplot2.

1.LoadtheStudyArea.csvfileandgetasubsetofcolumns.

dfWildfires<-read_csv(“StudyArea.csv”,col_types=list(UNIT=



col_character()),col_names=TRUE)

df<-select(dfWildfires,ORGANIZATI,STATE,YEAR_,TOTALACRES, CAUSE)

2.Filterthedataframesothatonlywildfiresgreaterthan5,000acresare included.

dfWildfires<-filter(dfWildfires,TOTALACRES>=5000) 3.Groupthewildfiresbyorganization.

grpWildfires<-group_by(dfWildfires,ORGANIZATI)

4.Createabasicviolinplot.

ggplot(data=grpWildfires,mapping=aes(x=ORGANIZATI,

y=log(TOTALACRES)))+geom_violin()

5.Youcanaddtheindividualobservationsusinggeom_jitter().

ggplot(data=grpWildfires,mapping=aes(x=ORGANIZATI,

y=log(TOTALACRES)))+geom_violin()+geom_jitter(height=0,width=0.1) 6.Themeancanbeaddedusing

stat_summary()

asseenbelow.

ggplot(data=grpWildfires,mapping=aes(x=ORGANIZATI,



y=log(TOTALACRES)))+geom_violin()+geom_jitter(height=0,width=0.1)

+stat_summary(fun.y=mean,geom=”point”,size=2,color=”red”) 7.Thebox_plot()functioncanbeusedtoaddthemeanandIQR.

ggplot(data=grpWildfires,mapping=aes(x=ORGANIZATI,

y=log(TOTALACRES)))+geom_violin()+geom_boxplot(width=0.1)8.You cancheckyourworkagainstthesolutionfileChapter7_9.R

Step10:Creatingdensityplots

Densityplots,createdwithgeom_density()computesadensityestimate,which isasmoothedversionofahistogramandisusedwithcontinuousdata.ggplot2

canalsocompute2Dversionsofdensityincludescontoursandpolygonstyled densityplots.

1.Inthisfirstportionoftheexerciseyou’llcreateabasicdensityplot.Loadthe StudyArea.csvfileandgetasubsetofcolumns.

dfWildfires<-read_csv(“StudyArea.csv”,col_types=list(UNIT=

col_character()),col_names=TRUE)

df<-select(dfWildfires,ORGANIZATI,STATE,YEAR_,TOTALACRES,



CAUSE)

2.Filterthedataframesothatonlywildfiresgreaterthan1,000acresare included.

dfWildfires<-filter(dfWildfires,TOTALACRES>=1000) 3.Createadensityplotwiththegeom_density()function.

ggplot(dfWildfires,aes(TOTALACRES))+geom_density()

4.Youmayalsowanttocreatethesamedensityplotwithaloggedversionofthe data.

ggplot(dfWildfires,aes(log(TOTALACRES)))+geom_density()



5.Next,you’llcreate2Dplotsofthedatastartingwithcontours.Addthecode youseebelow.

ggplot(dfWildfires,aes(x=YEAR_,y=log(TOTALACRES)))+geom_point()+

geom_density_2d()



6.Finally,createa2Ddensitysurfaceusingstat_density_2d().

ggplot(dfWildfires,aes(x=YEAR_,y=log(TOTALACRES)))+geom_

density_2d()+stat_density_2d(geom=”raster”,aes(fill=..density..), contour=FALSE)



7.YoucancheckyourworkagainstthesolutionfileChapter7_10.R

Conclusion

Inthischapteryoulearnedvariousdatavisualizationtechniquesusingggplot2.

Westartedwithbasicscatterplots,addedregressionlines,labeledthegraphsin variousways,andcreatedalegend.Inaddition,youlearnedhowtocreatefacet plots,andworkwithggplot2sbuiltinthemingoptions.Youalsolearnedhowto createbarcharts,violincharts,anddensityplots.

Inthenextchapteryouwilllearnhowtocreatemapsusingtheggmappackage.


Chapter8

VisualizingGeographicDatawithggmap Theggmappackageenablesthevisualizationofspatialdataandspatialstatistics inamapformatusingthelayeredapproachofggplot2.Thispackagealso includesbasemapsthatgiveyourvisualizationscontextincludingGoogleMaps, OpenStreetMap,StamenMaps,andCloudMademaps.Inaddition,utility functionsareprovidedforaccessingvariousGoogleservicesincluding Geocoding,DistanceMatrix,andDirections.

Theggmappackageisbasedonggplot2,whichmeansitwilltakealayered approachandwillconsistofthesamefivecomponentsfoundinggplot2.These includeadefaultdatasetwithaestheticmappingswherexislongitude,yis latitude,andthecoordinatesystemisfixedtoMercator.Othercomponents includeoneormorelayersdefinedwithageometricobjectandstatistical transformation,ascaleforeachaestheticmapping,coordinatesystem,andfacet specification.Becauseggmapisbuiltonggplot2ishasaccesstothefullrangeof ggplot2thatyoulearnedaboutinapreviousexercise.

Inthischapterwe’llcoverthefollowingtopics:

•Creatingabasemap

•Addingoperationallayers

•Addinglayersfromashapefile

Exercise1:Creatingabasemap

Therearetwobasicstepstocreateamapwithggmap.Thedetailsaremore complexthanthesetwostepsmightimply,butingeneralyoujustneedto downloadthemapraster(basemap)andthenplotoperationaldataonthe basemap.Thefirststepistodownloadthemapraster,alsoknownasthe basemap.Thisisaccomplishedusingtheget_map()function,whichcanbeused tocreateabasemapfromGoogle,Stamen,OpenStreetMap,orCloudMade.

You’lllearnhowtodothatinthisstep.Inafuturestepyou’lllearnhowtoadd andstyleoperationaldatainvariousways.

1.OpenRStudioandfindtheConsolepane.

2.Ifnecessary,settheworkingdirectorybytypingthecodeyouseebelowinto

theConsolepaneorbygoingtoSession|SetWorkingDirectory|Choose DirectoryfromtheRStudiomenu.

setwd(<installationdirectoryforexercisedata>)

3.LoadtheggmappackagebygoingtothePackagespaneinRStudioand clickingonthecheckboxnexttothepackagename.Alternatively,youcanload itfromtheConsolebytyping: library(ggmap)

4.CreateavariablecalledmyLocationandsetittoCalifornia.

myLocation<-“California”

5.Calltheget_map()functionandpassinthelocationvariablealongwitha zoomlevelof6.

myMap<-get_map(location=myLocation,zoom=6)

6.InRStudioyoushouldseesomereturnmessagesthatlooksimilartothecode youseebelow.Ifyoudon’tseesomethingsimilartothis,youmayneedtore-executethescript.Itisn’tuncommontogetanerrormessagewhencallingthe get_map()functionfromRStudio.Ifthishappenssimplyre-executethecode untilyougetsomethingthatissimilartowhatyouseebelow.

MapfromURL:http://maps.googleapis.com/maps/api/staticmap?center

=California&zoom=6&size=640x640&scale=2&maptype=terrain&language=

en-EN&sensor=false

InformationfromURL:http://maps.googleapis.com/maps/api/geocode/json?

address=California&sensor=false

7.Calltheggmap()function,passinginthemyMapvariable.ThePlotspane shoulddisplaythemapasseenbelow.ThedefaultmaptypeisGoogleMaps withastyleofTerrain.

ggmap(myMap)





TheGooglesourceincludesanumberofmaptypesincludingthoseyouseein thescreenshotbelow.



8.AddandexecutethecodeyouseebelowtoaddaGooglesatellitemap.

myMap<-get_map(location=myLocation,zoom=6,source=”google”, maptype=”satellite”)

ggmap(myMap)

9.Thereareanumberofwaysthatyoucandefinetheinputlocation: longitude/latitudecoordinatepair,acharacterstring,oraboundingbox.The characterstringtendstobeamorepracticalsolutioninmanysituationssince youcansimplypassinthenameofthelocation.Forexample,youcoulddefine 

thelocationasHoustonTexasorTheWhiteHouseorTheGrandCanyon.When acharacterstringispassedtothelocationparameteritisthenpassedtothe geocodingservicetoobtainthelatitude/longitudecoordinatepair.Addthecode youseebelowtoseehowpassinginacharacterstringworks.

myMap<-get_map(location=“GrandCanyon,Arizona”,zoom=11) ggmap(myMap)

Thezoomlevelcanbesetbetween3and21with3representingacontinent levelview,and21representingabuildinglevelview.Takesometimeto

experimentwiththezoomleveltoseetheeffectofvarioussettings.

10.Youcancheckyourworkagainstthesolutionfile

Chapter8_1.R

Exercise2:Addingoperationaldatalayers

ggmap()returnsaggplotobject,meaningthatitactsasabaselayerinthe ggplot2framework.Thisallowsforthefullrangeofggplot2capabilities meaningthatyoucanplotpointsonthemap,addcontoursand2Dheatmaps, andmore.We’llexaminesomeofthesecapabilitiesinthissection.

1.Initiallywe’lljustloadthewildfireeventsaspoints.Addthecodeyousee belowtoproduceamapofCaliforniathatdisplayswildfiresfromtheyears 1980-2016thatburnedmorethan1,000acres.

myLocation<-“California”

#getthebasemaplayer

myMap<-get_map(location=myLocation,zoom=6)

#readinthewildfiredatatoadataframe(tibble)dfWildfires<-

read_csv(“StudyArea_SmallFile.csv”,col_names=TRUE)

#selectspecificcolumnsofinformation

df<-select(dfWildfires,STATE,YEAR_,TOTALACRES,DLATITUDE, DLONGITUDE)

#filterthedataframesothatonlyfiresgreaterthan1,000acresburnedin Californiaarepresent

df<-filter(df,TOTALACRES>=1000&STATE==‘California’)

#usegeom_point()todisplaythepoints.Thexandypropertiesoftheaes() functionareusedtodefinethegeometry

ggmap(myMap)+geom_point(data=df,aes(x=DLONGITUDE,y=

DLATITUDE))



2.Nowlet’sdosomethingalittlemoreinteresting.First,usethedplyrfunction mutate()

togroupthefiresbydecade.

togroupthefiresbydecade.

1989”,ifelse(YEAR_%in%1990:1999,“1990-1999”,ifelse(YEAR_%in%

2000:2009,“2000-2009”,ifelse(YEAR_%in%2010:2016,“2010-2016”,

“-99”)))))

3.Next,colorcodethewildfiresbyDECADEandcreateagraduatedsymbol mapbasedonthesizeofeachfire.Thecolourpropertydefinesthecolumnto



useforgrouping,andthesizepropertydefinethecolumntouseforthesizeof eachsymbol.

ggmap(myMap)+geom_point(data=df,aes(x=DLONGITUDE,y=

DLATITUDE,colour=DECADE,size=TOTALACRES))

Thisshouldproduceamapthatappearsasseeninthescreenshotbelow.

4.Let’schangethemapviewtofocusmoreonsouthernCalifornia,andin particulartheareajustnorthofLosAngeles.

myMap<-get_map(location=“SantaClarita,California”,zoom=10) ggmap(myMap)+geom_point(data=df,aes(x=DLONGITUDE,y=

DLATITUDE,colour=DECADE,size=TOTALACRES))



5.Next,we’lladdcontourandheatlayers.Thegeom_density2d()functionis usedtocreatethecontourswhilethestat_density2d()functioncreatestheheat map.Addthefollowingcodetoproducethemapyouseebelow.Youcan experimentwiththecolorsusingthescale_fill_gradient(lowandhigh) properties.Herewe’vesetthemtogreenandredrespectively,butyoumaywant tochangethecolorscheme.

myMap<-get_map(location=“California”,zoom=6)

ggmap(myMap,extent=“device”)+geom_density2d(data=df,aes(x=

DLONGITUDE,y=DLATITUDE),size=0.3)+stat_density2d(data=df,aes(x

=DLONGITUDE,y=DLATITUDE,fill=..level..,alpha=..level..),size=

0.01,bins=16,geom=“polygon”)+scale_fill_gradient(low=“green”,high=

“red”)+scale_alpha(range=c(0,0.3),guide=FALSE)



6.Ifyou’dprefertoseetheheatmapwithoutcontours,thecodecanbe simplifiedasfollows:

ggmap(myMap,extent=“device”)+stat_density2d(data=df,aes(x=

DLONGITUDE,y=DLATITUDE,fill=..level..,alpha=..level..),size=

0.01,bins=16,geom=“polygon”)+scale_fill_gradient(low=“green”,high=

“red”)+scale_alpha(range=c(0,0.3),guide=FALSE)



7.Finally,let’screateafacetmapthatdepictshotspotsforeachyearinthe currentdecade.Addthefollowingcodetoseehowthisworks.Thedataset containsinformationupthroughtheyear2016.

df<-filter(df,YEAR_%in%c(2010,2011,2012,2013,2014,2015,2016)) ggmap(myMap,extent=“device”)+stat_density2d(data=df,aes(x=

DLONGITUDE,y=DLATITUDE,fill=..level..,alpha=..level..),size=

0.01,bins=16,geom=“polygon”)+scale_fill_gradient(low=“green”,high=

“red”)+scale_alpha(range=c(0,0.3),guide=FALSE)+facet_wrap(~YEAR_)



8.YoucancheckyourworkagainstthesolutionfileChapter8_2.R

Exercise3:AddingLayersfromShapefiles

WhiletheyaresomewhatofanolderGISdataformat,shapefilesarestill commonlyusedtorepresentgeographicfeatures.Withalittlebitof manipulation,youcangetplotdatafromshapefilesontoggmap.

1.Forthisexerciseyou’llneedtoinstallanadditionalpackagecalledrgdal.Use thePackagespanetofindandinstallrgdalorenterthecodeyouseebelow.

install.packages(“rgdal”)

2.LoadthergdalpackagethroughthePackagespaneorenterthecodeyousee below.

library(rgdal)

3.TheDatafolderthatcontainstheexercisedataforthisbookcontainsa shapefilecalledS_USA.Wilderness.You’llactuallyseeanumberoffileswith thisname,butadifferentfileextension.Thesefilescombinetocreatewhatis calledashapefile.Thisfilecontainstheboundariesofdesignatedwilderness areasintheUnitedStates.UsethereadOGR()functionfromrgdaltoloadthe dataintoavariable.

wild=readOGR(‘.’,‘S_USA.Wilderness’)

4.Thefortify()function,whichispartofggplot2,convertsalltheindividual pointsthatdefineeachboundaryintoadataframethatcanthenbeusedtoplot thepolygonboundaries.

wild<-fortify(wild)

5.Usetheggmapqmap()function(qmapmeansquickmap)tocreatethe basemapthatwillbeusedasthereferenceforthewildernessboundaries.Center themapinMontana.

montana<-qmap(“Montana”,zoom=6)

6.Beforeplottingthewildernessboundariesaspolygonsonthemap,takealook atthedataframethatwascreatedbythefortify()functionsoyou’llhaveabetter understandingofthestructurecreatedbythisfunction.

View(wild)



Takealookatthegroupcolumn.Thiscolumnuniquelyidentifieseach wildernessboundary.Thewildernessboundariesarepolygons,andpolygonsare definedbyasetofpointswhichdefinethestructureofthepolygon.It’ssortof likeplayingconnectthedots,whereeachdotisalatitude/longitudecoordinate pairdefinedbythelongandlatcolumnsinthedataframe.

Forexample,takealookatgroup0.1.Noticethattherearemultiplerowsthat containsthevalue0.1,andthateachrowhasuniquelongandlatvalues.These areallthepointsusedtodefinetheboundariesofthatpolygon.

7.Nowplotthewildernessboundariesonthebasemap.Noticetheuseofthe groupcolumnforgroupingthepolygons.Itdoestakesometimetoplotthe boundariesonthemapsobepatientwiththisstep.Eventuallyyoushouldseea mapsimilartothescreenshotbelow.

montana+geom_polygon(aes(x=long,y=lat,group=group,alpha=0.25), data=wild,fill=’white’)+geom_polygon(aes(x=long,y=lat,group=group), 

data=wild,color=’black’,fill=NA)

8.Optional–Usethecolor,fill,andalpha(usedtodefinetransparency) parameterstochangethesymbologytodifferentcolorsandstyles.9.Youcan checkyourworkagainstthesolutionfileChapter8_3.R

Conclusion

Inthischapteryoulearnedhowtousetheggmappackagetocreatecompelling datavisualizationsinmapformat.Youlearnedhowtocreatedbasemapsusing Googleasadatasource,addoperationaldatalayers,createvarioustypesofmap visualizationsusingexternaldatasources,andloadshapefiles.

InthenextchapteryouwilllearnhowtouseRMarkdowntoshareyourwork withothers.


Chapter9

RMarkdown

RMarkdownisanauthoringframeworkfordatasciencethatcombinescode, results,andcommentary.OutputformatsincludePDF,Word,HTML, slideshows,andmore.AnRMarkdowndocumentessentiallyservesthree purposes:communication,collaboration,andasamodern-daylabenvironment thatcapturesnotonlywhatyoudid,butalsowhatyouwerethinking.Froma communicationperspectiveitenablesdecisionmakerstofocusmoreonthe resultsofyouranalysisratherthanthecode.However,becauseitenablesyouto alsoincludethecode,itfunctionsasameansofcollaborationbetweendata scientists.

RMarkdownusesthermarkdownpackage,butyoudon’thavetoexplicitlyload thepackageinRStudio.RStudiowillautomaticallyloadthepackageasneeded.

TheoutputformatofanRMarkdownfileisaplaintextfilewithanextensionof Rmd.ThesefilescontainamixtureofthreetypesofcontentincludingaYAML

header,Rcode,andtextmixedwithsimpletextformatting.

TheoutputRmarkdownfilecontainsbothcodeandtheoutputofthecode.

UsingtheRStudiointerfaceyoucanrunsectionsofthecodeorallthecodein thefile.Youcanseeanexampleofthisinthescreenshotbelow.Noticethatthe codeisenclosedbythreeback-ticksfollowedbytheoutputofthecodebelow.



IfyouwanttoexportthecontentstoaspecificfiletypeyoucanusetheKnit functionalityembeddedinRStudiotoexporttoHTML,PDF,andWordformats.

Thiswillexportacompletefilecontainingtext,code,andresults.

Inthischapterwe’llcoverthefollowingtopics:

•CreatingaRMarkdownfile

•AddingcodechunksandtexttoanRMarkdownfile

•Codechunkandheaderoptions

•Caching

•UsingKnittooutputanRMarkdownfile



Exercise1:CreatinganRMarkdownfile

AnRMarkdownfileissimplyaplaintextfilewithafileextensionof.Rmd.

YoucanuseRStudiotocreatenewmarkdownfiles,whichiswhatyou’lldoin thisbriefexercise.

1.Theexercisesinthischapterrequirethefollowingpackages:readr,dplyr, ggplot2,andggmap.TheycanbeloadedfromthePackagespane,theConsole pane,orascript.

2.OpenRStudioandgotoFile|NewFile|RMarkdown.Thiswilldisplaythe dialogyouseebelow.Therearedifferenttypesofmarkdownthatcanbecreated, butforthisexercisewe’llkeepitsimpleandcreateadocument.

3.SelectDocument(whichisthedefault),giveitatitleofCreatingMapswith



R,changetheauthornameifyou’dlike,andselectPDFastheoutput.

4.Thiswillcreateafilewithsomeheaderinformation,text,andcode.Yourfile shouldlooksimilartothescreenshotbelow.





5.Attheverytopofthefileistheheaderinformation,whichissurroundedby dashes.We’lladdsomecontenttothissectioninalaterexercise,butfornow we’llleaveitasis.

6.Codesectionsare





groupedthroughtheuseofback-ticksasseeninthescreenshotbelow.

7.Plaintextandformattedtextcanbeincludedinamarkdownfileaswell.Text thatneedstobeformattedmustfollowaspecificsyntax.Forexample,you formattextforitalics,boldfont,headings,linksandimages.Belowisan exampleofbothplaintextandtextthathasbeenformatted.

8.Otherthantheheaderinformationwearen’tgoingtouseanyofthedefault codeortextprovidedsogoaheadanddeleteeverythingotherthantheheader.

9.Savethefiletoyourworkingdirectorywithanameof

CreatingMapsWithR.Rmd.

Exercise2:AddingCodeChunksandTexttoanRMarkdown

File

RcodecanbeincludedintheRMarkdownfilethroughtheuseofchunks,which aredefinedthroughtheuseofthreeback-ticksfollowedbyanrenclosedwithin curlybraces.Insidethecurlybracesareoptionsthatcanbeincluded.These optionscanincludeTRUE|FALSEparametersforturningvarioustypesof messagingonandoff.

Chunksdefineasingletask,sortoflikeafunction.Theyshouldbeself-containedandtightlydefinedpiecesofcode.Therearethreewaystoinsert chunksintoanRMarkdownfile:Cmd/Ctrl-Alt-I,theInsertbuttonontheeditor toolbar,andbymanuallytypingthechunkdelimiters.

YoucanalsoaddplaintextandformattedtexttoanRMarkdownfile.Formatted texthastobedefinedaccordingtoaspecificsyntax.We’llseevariousexamples offormattedtextaswemovethroughthisexercise.

Inthisexerciseyou’lllearnhowtoaddcodechunkstoanRMarkdownfile.

1.First,we’lladdsomedescriptivetextthatwillbeincludedintheoutputR

Markupfile.Addthetextyouseebelowtothefilejustbelowtheheader.Ifyou haveadigitalcopyofthebookyoucancopyandpasteratherthantyping everything.NoticethatthetextStep1:CreatingaBasemaphasbeenpreceded bytwopoundsigns.##Step1:CreatingaBasemap.Thepoundsignsareusedto defineheadings.InthiscasetwopoundsignswouldtranslatetoanHTML<h2> tag,whichsimplydefinesthesizeofthetext.You’llalsonoticethatsomeofthe wordslikeggmapandggplotaresurroundedbysinglequotes.Singlequotesare usedtodefineadifferentstyleforthewordthatindicatesthiswordis programmaticcode.

Thèggmap`packageenablesthevisualizationofspatialdataandspatial statisticsinamapformatusingthelayeredapproachof`ggplot2`.Thispackage alsoincludesbasemapsthatgiveyourvisualizationscontextincludingGoogle Maps,OpenStreetMap,StamenMaps,andCloudMademaps.Inaddition, utilityfunctionsareprovidedforaccessingvariousGoogleservicesincluding Geocoding,DistanceMatrix,andDirections.

Thèggmap`packageisbasedon`ggplot2`,whichmeansitwilltakealayered approachandwillconsistofthesamefivecomponentsfoundin`ggplot2`.These includeadefaultdatasetwithaestheticmappingswherexislongitude,yis latitude,andthecoordinatesystemisfixedtoMercator.Othercomponents includeoneormorelayersdefinedwithageometricobjectandstatistical transformation,ascaleforeachaestheticmapping,coordinatesystem,andfacet specification.Becausèggmapìsbuilton`ggplot2ìthasaccesstothefull rangeof`ggplot2`functionality.

Inthisexerciseyou’lllearnhowtousethèggmap`packagetoplotvarious typesofspatialvisualizations.

##Step1:CreatingaBasemap

Therearetwobasicstepstocreateamapwith`ggmap`.Thedetailsaremore complexthanthesetwostepsmightimply,butingeneralyoujustneedto downloadthemaprasterandthenplotoperationaldataonthebasemap.Step1is 

todownloadthemapraster,alsoknownasthebasemap.Thisisaccomplished usingthèget_map()`function,whichcanbeusedtocreateabasemapfrom Google,Stamen,OpenStreetMap,orCloudMade.You’lllearnhowtodothatin thisstep.Inafuturestepyou’lllearnhowtoaddandstyleoperationaldatain variousways.

1.First,loadthelibrariesthatwe’llneedforthisexercise

2.ClickInsertandthenRtoinsertanewcodechunkasseenbelow.Thecode youaddwillgoinbetweenthesetofback-ticks.Mostmarkdownfileswillhave anumberofcodechunks,witheachdefiningaspecifictask.Theyaresimilarin manywaystofunctions.

3.Forthiscodechunkwe’lljustloadthelibrariesthatwillbeusedinthis exercise.Addthecodeyouseebelowinsidethecodechunkboundaries.

```{r}

library(ggplot2)library(ggmap)library(readr)library(dplyr)```

4.Addsomeadditionaltextthatdescribesthenextstep.

2.Createavariablecalled`myLocationàndsetittòCalifornià.Callthèget_map()`functionwithazoomlevelof 6,andplotthemapusingthèggmap()`function,passinginareferencetothe variablereturnedbythèget_map()`function.ThedefaultmaptypeisGoogle MapswithastyleofTerrain.

5.Insertanewcodechunkjustbelowthedescriptivetextandaddthefollowing code.

```{r}

myLocation<-“California”

myMap<-get_map(location=myLocation,zoom=6)ggmap(myMap) 6.Let’srunthecodethathasbeenaddedsofartoseetheresult.SelectRun|

RunAllfromtheRStudiointerface.Thisshouldproducetheoutputyousee below.Theoutputisincludedinsidethemarkdowndocument.Ifnot,checkyour codeandtryrunningitagain.



7.Adddescriptivetextforthenextsection.

3.ThecodeyouseebelowwillcreateaGooglesatellitebasemaplayer.Other basemaplayersincludeStamen,OSM,andCloudMade.

8.Createanewcodechunkandaddthecodeyouseebelow.

```{r}

myMap<-get_map(location=myLocation,zoom=6,source=”google”, maptype=”satellite”)

ggmap(myMap)

```

9.Adddescriptivetextforthenextsection.

4.Thereareanumberofwaysthatyoucandefinetheinputlocation: longitude/latitudecoordinatepair,acharacterstring,oraboundingbox.The characterstringtendstobeamorepracticalsolutioninmanysituationssince youcansimplypassinthenameofthelocation.Forexample,youcoulddefine thelocationasHoustonTexasorTheWhiteHouseorTheGrandCanyon.When acharacterstringispassedtothelocationparameteritisthenpassedtothe geocodingservicetoobtainthelatitude/longitudecoordinatepair.Addthecode youseebelowtoseehowpassinginacharacterstringworks.

10.Createanewcodechunkandaddthecodeyouseebelow.

```{r}

myMap<-get_map(location=“GrandCanyon,Arizona”,zoom=11) ggmap(myMap)

11.Let’sstopaddingcodefornowandrunwhatiscurrentlyinthefiletoseethe result.SelectRun|RunAll.Severalmapswillbeproducedinsidethemarkup documentincludingtheoneseenbelow,whichwillbeproducedattheveryend.

Ifyoudon’tseethemapsyoumayneedtocheckyourcode.Wehaven’tyet addedparametersthatwilloutputwarningsanderrors,butwilldosoinalater step.



12.Adddescriptivetextforthenextsection.

Thezoomlevelcanbesetbetween3and21with3representingacontinent levelview,and21representingabuildinglevelview.

##Step2:AddingOperationalDataLayers

`ggmap()`returnsàggplotòbject,meaningthatitactsasabaselayerinthèggplot2`framework.Thisallowsforthefullrangeof`ggplot2`capabilities meaningthatyoucanplotpointsonthemap,addcontoursand2Dheatmaps, andmore.We’llexaminesomeofthesecapabilitiesinthissection.

1.Forthissectionwe’llusethehistoricalwildfireinformationfoundinthe StudyArea_SmallFile.csvfile.Loadthisdatasetusingthèread_csv()`function.

Youcandownloadthisfileat:https://

www.dropbox.com/s/9ouh21a6ym62nsl/StudyArea.csv?dl=0

13.Createanewcodechunkandaddthecodeyouseebelow.Thiswillload wildfiredatafromacsvfile.Note:ThepathtoyourStudyArea_SmallFile.csv

filemaydifferfromtheoneyouseebelow.

```{r}

dfWildfires<-read_csv(“~/Desktop/IntroR/Data/StudyArea_SmallFile.csv”, col_types=list(FIRENUMBER=col_character(),UNIT=col_character()), col_names=TRUE) ```

14.Adddescriptivetextforthenextsection.

2.Initiallywe’lljustloadthewildfireeventsaspoints.Addthecodeyousee belowtoproduceamapofCaliforniathatdisplayswildfiresfromtheyears 1980-2016thatburnedmorethan1,000acres.

15.Createanewcodechunkandaddthecodeyouseebelow.Thiscodechunk willdisplayeachofthewildfiresasapointonthemap.

```{r}

myLocation<-‘California’

#getthebasemap

myMap<-get_map(location=myLocation,zoom=6)

#usetheselect()functiontolimitthecolumnsfromthedataframe df<-select(dfWildfires,STATE,YEAR_,TOTALACRES,DLATITUDE, DLONGITUDE) #usethefilter()functiontogetonlyfiresinCaliforniawithacres

#burnedgreaterthan1000

df<-filter(df,TOTALACRES>=1000&STATE==‘California’)#producethe finalmap

ggmap(myMap)+geom_point(data=df,aes(x=DLONGITUDE,y=

DLATITUDE))

```

16.Addthefollowingdescriptivetext.

3.Nowlet’sdosomethingalittlemoreinteresting.First,usethèdplyr`

`mutate()`functiontogroupthefiresbydecade.

17.Createanewcodechunkandaddthecodeyouseebelow.Themutate() functionisusedinthiscodechunktocreateanewcolumncalledDECADEand thenpopulateeachrowwithavalueforthedecadeinwhichthefireoccurred.

```{r}

```{r}

1989”,ifelse(YEAR_%in%1990:1999,“1990-1999”,ifelse(YEAR_%in%

2000:2009,“2000-2009”,ifelse(YEAR_%in%2010:2016,“2010-2016”,

“-99”)))))

```

18.Addthefollowingdescriptivetext.

4.Next,colorcodethewildfiresby`DECADEàndcreateagraduatedsymbol mapbasedonthesizeofeachfire.Thècolour`propertydefinesthecolumnto useforgrouping,andthèsizèpropertydefinesthecolumntouseforthesizeof eachsymbol.

19.Createanewcodechunkandaddthecodeyouseebelow.Thiscodechunk willcolorcodethefiresbydecade.

```{r}

ggmap(myMap)+geom_point(data=df,aes(x=DLONGITUDE,y=

DLATITUDE,colour=DECADE,size=TOTALACRES))

20.Let’sstopaddingcodefornowandrunwhatiscurrentlyinthefiletoseethe result.Beforerunningthecodeagaingoaheadandclearthepastresultsby clickingthesmallXintheupperrighthandscorneroftheoutputforeachmap asseeninthescreenshotbelow.



21.SelectRun|RunAll.Theoutputproducedwillincludeseveralmapswith thefinalmapappearingasseeninthescreenshotbelow.



5.Let’schangethemapviewtofocusmoreonsouthernCalifornia,andin particulartheareajustnorthofLosAngeles.

23.Createanewcodechunkandaddthecodeyouseebelow.Thiscodechunk willcolorcodethefiresbydecadeandsizethesymbolsaccordingthetotal acreageburned.

```{r}

myMap<-get_map(location=“SantaClarita,California”,zoom=10) ggmap(myMap)+geom_point(data=df,aes(x=DLONGITUDE,y=

DLATITUDE,colour=DECADE,size=TOTALACRES))

```

24.Addthefollowingdescriptivetext.

6.Nextwe’lladdcontourandheatlayers.Thègeom_density2d()`functionis usedtocreatethecontourswhilethèstat_density2d()`functioncreatestheheat map.Addthefollowingcodetoproducethemapyouseebelow.Youcan experimentwiththecolorsusingthèscale_fill_gradient(lowandhigh)`

properties.Herewe’vesetthemtogreenandredrespectively,butyoumaywant tochangethecolorscheme.

25.Createanewcodechunkandaddthecodeyouseebelow.Thiscodechunk willcreateaheatmapandaddcontours.

```{r}

myMap<-get_map(location=“SantaClarita,California”,zoom=8) ggmap(myMap,extent=“device”)+geom_density2d(data=df,aes(x=

DLONGITUDE,y=DLATITUDE),size=0.3)+stat_density2d(data=df,aes(x

=DLONGITUDE,y=DLATITUDE,fill=..level..,alpha=..level..),size=

0.01,bins=16,geom=“polygon”)+scale_fill_gradient(low=“green”,high=

“red”)+scale_alpha(range=c(0,0.3),guide=FALSE)

7.Ifyou’dprefertoseetheheatmapwithoutcontours,thecodecanbe simplifiedasfollows:

27.Createanewcodechunkandaddthecodeyouseebelow.Thiscodechunk willremovethecontours.

```{r}

ggmap(myMap,extent=“device”)+stat_density2d(data=df,aes(x=

DLONGITUDE,y=DLATITUDE,fill=..level..,alpha=..level..),size=

0.01,bins=16,geom=“polygon”)+scale_fill_gradient(low=“green”,high=

“red”)+scale_alpha(range=c(0,0.3),guide=FALSE)

```

28.Addthefollowingdescriptivetext.

8.Finally,let’screateafacetmapthatdepictshotspotsforeachyearinthe currentdecade.Addthefollowingcodetoseehowthisworks.Thedataset containsinformationupthroughtheyear2016.

29.Createacodechunkandaddthecodeyouseebelow.

```{r}

df<-filter(dfWildfires,STATE==‘California’)

df<-filter(df,YEAR_%in%c(2010,2011,2012,2013,2014,2015,2016)) myMap<-get_map(location=“SantaClarita,California”,zoom=9)

ggmap(myMap,extent=“device”)+stat_density2d(data=df,aes(x=

DLONGITUDE,y=DLATITUDE,fill=..level..,alpha=..level..),size=

0.01,bins=16,geom=“polygon”)+scale_fill_gradient(low=“green”,high=

“red”)+scale_alpha(range=c(0,0.3),guide=FALSE)+facet_wrap(~YEAR_) 30.ThatcompletesthecodeforthisRMarkdownfile.Goaheadandrunthe codeagaintoseethefinaloutputbyselecting Run|RunAll.

Exercise3:Codechunkandheaderoptions

Chunkoptionsareargumentssuppliedtothechunkheader.Currentlythereare approximately60suchoptions.We’llexaminesomeofthemorecommonlyused andimportantoptionsinthisexercise.Allcodechunkoptionsareplacedinside the{r}block.

Codechunkscanbegivenanoptionalnameasseenintheexamplecodebelow wherethecodechunkhasbeengivenanameof

MapSetup

.

```{rMapSetup,warning=FALSE,error=FALSE,message=FALSE}

Theadvantagesofnamingchunksincludeeasiernavigationusingthecode navigatorinRStudio,usefulnamesgiventographicsproducedbychunks,and theabilitytocachechunkstoavoidre-performingcomputationsoneachrun.

Thislastadvantageisperhapsthemostuseful.

1.TheRMarkdownpaneincludesaquickaccessmenuforeasilynavigating todifferentsectionsofyourRMarkdownpage.Thearrowinthescreenshot belowdisplaysthelocationofthisfunctionality.



2.ClickonthequickaccessbuttonnowtoseethedifferentsectionsoftheR

Markdownfile.Youshouldseesomethingsimilartothescreenshotbelow.

You’llnoticethatitissectionedbyheadingsandthencodechunks.Tomake navigationeasieryoucannameeachofthesechunks.



SelectChunk1underStep1:CreatingaBasemaptoreturntothefirstcode chunkyoucreatedinanearlierexercise.Thiscodechunksimplydefinesthe librariesthatwillbeusedinthefile.

Inthe{r}sectionoftheheadernamethechunklibs.

```{rlibs}

3.Noticethatthevaluehasnowbeenupdatedinthequickaccessdropdown menu.



4.Renamethe

restofyourcodechunks.Youcanusewhatevernamemakesthemostsensefor each.

5.Next,we’lladdsomecodeoptions.Althoughtherearecurrently60+options thatcanbeappliedtoacodechunkwe’llexamineonlyafewofthemore importantoptions.Youcangetalistofalltheavailablecodechunkoptionsat https://www.rstudio.com/wp-content/uploads/2015/03/rmarkdown-reference.pdf.

6.Messagingisoneofthemostcommonlyusedandusefuloptions.Thereare actuallythreemessagingoptions:messages,warnings,errors.Allthreeare TRUE|FALSEvaluesthatcanbesetandallaresettoFALSEbydefault.

NavigatetoChunk2andaddtheoptionsyouseehighlightedbelow.Thiswill turnonthemessagingforanygeneralinformationmessages,warnings,and errors.

```{rerror=TRUE,warning=TRUE,message=TRUE}



myLocation<-“California”

myMap<-get_map(location=myLocation,zoom=6)

ggmap(myMap)

```

7.Nowwhenyourunthissectionanyofthesemessageswillbeprintedout alongwiththeoutput.Ratherthanrunningtheentiremarkdownfilecodeeach timeyouwanttotestsomethingyoucanlimittheruntoaparticularcodechunk byclickingthearrowonthefar-righthandsideofthecodechunkasseeninthe screenshotbelow.

8.Theoutputwindowincludestwooverviewwindows:theoutputvisualization andtheRConsole.IfyouclicktheRConsoleoverviewwindowasseeninthe screenshotbelowitwilldisplayanymessagesthatwerewrittentotheconsoleas aresultoftheexecutionofthiscodeblock.





ClickingtheRConsolewindowshouldproduceanoutputsimilartothe screenshotbelow.

9.Nowaddthesamemessage,warning,anderroroptionstoyourothercode chunks.

10.Runthecodechunksoneatatimeanexaminetheoutput.Anywarningand errorswillbeprominentlydisplayedasseeninthescreenshotbelow.



11.Youcanalsodefinedocumentwideoptionsaswell.Inthisstepwe’lllookat acommonoptiondefinedintheheader.Thecontentoftheheaderdefines parametersthatcontrolvarioussettingsfortheentiredocument.

Theheadercanincludebasicdescriptiveinformationincludingthetitle,author, date,andoutputformatalongwithothersettingsincludingparametersand bibliographiesandcitations.

Parametersareusedwhenyouneedtore-renderthesamereportbutwithdistinct valuesforinputs.Theparamsfieldcontrolstheseparameters.

You’llnoticeinthecodeexamplebelowthatastateparameterhasbeendefined withavalueofCalifornia.ThisvaluecanthenbeaccessedelsewhereintheR

Markdownfileusingthesyntaxparams$<parameter>orparams$stateinthis example.



Addtheparamsoptions

withaparameterofstateandsetitequaltoCalifornia

inyourfileexactlyasseeninthescreenshotabove.

12.NavigatetoChunk2andfindthelineyouseebelow.

myLocation<-“California”

13.Changethislineasseenbelowtoaccessthestateparameter.

```{rerror=TRUE,warning=TRUE,message=TRUE}

myLocation<-params$state

myMap<-get_map(location=myLocation,zoom=6)ggmap(myMap)

```

14.RunthecodeforChunk2onlyandyoushouldseethesameoutputmap centeredonCalifornia.

15.Cleartheoutputforchunk2byclickingtheXintheupperright-handcorner oftheoutput.

16.ReturntothestateparameterintheheaderandchangethevaluetoMontana.

--

title:“CreatingMapswithR”

author:“EricPimpler”

date:“7/18/2018”

output:html_document

params:

state:‘Montana’

--

17.Runcodechunk2againandnowthemapshouldbecenteredonMontana.



Exercise4:Caching

Codechunkscanalsobecached,whichisgreatforcomputationthattakesalong timetoexecute.ToenablecachingthecacheparametershouldbesettoTRUE.

Thiswillsavetheoutputofthecodechunktoaspeciallynamedfileondesk.On anysubsequentruns,knitrcheckstoseeifthecodehaschanged,andifnot,it willreusethecachedresults.

Youdoneedtobecarefulwithcachingthoughasitwillonlyre-runacode chunkifthecodechanges.However,itdoesn’ttakeintoaccountthingssuchas changestounderlyingdatasources.Forexample,thedatainanunderlyingdata sourcecouldchange,butbecausetheRMarkdownfilewillonlyre-runthecode chunkifthecodechanges,thiscouldbecomeanissue.

1.Findthecodechunkyouseebelowthatmapstheindividualwildfirepoints.

YoumayhavenamedthechunksomethingotherthanwhatIhavenamedthe chunk(point_map).

```{rpoint_map,error=TRUE,warning=TRUE,message=TRUE}myLocation

<-‘California’

#getthebasemap

myMap<-get_map(location=myLocation,zoom=6)

#usetheselect()functiontolimitthecolumnsfromthedataframe df<-select(dfWildfires,STATE,YEAR_,TOTALACRES,DLATITUDE, DLONGITUDE) #usethefilter()functiontogetonlyfiresinCaliforniawithacres

#burnedgreaterthan1000

df<-filter(df,TOTALACRES>=1000&STATE==‘California’)#producethe finalmap

ggmap(myMap)+geom_point(data=df,aes(x=DLONGITUDE,y=

DLATITUDE))

```

2.Addthecacheparametertotheoptionsforthechunkasseenbelow.

```{rpoint_map, cache=TRUE,error=TRUE,warning=TRUE, 3.ThiscodechunkisdependentuponthedatainthedfWildfiresdataframe, whichisloadedinthecodechunkdirectlyprecedingthischunk.Thecodechunk thatloadsthedatafromacsvfileintothedfWidlfiresvariablecanbeseen below.Youmayhavenamedthechunkdifferently(load_data).

```{rload_data,error=TRUE,warning=TRUE,message=TRUE}dfWildfires<-

read_csv(“~/Desktop/IntroR/Data/StudyArea_SmallFile.csv”,col_types=

list(FIRENUMBER=col_character(),UNIT=col_character()),col_names=

TRUE)

```

4.Becausethepoint_mapcodechunkisdependentuponthedatainthe dfWildfiresdataframeyouneedtoaddadependsonparametertothepoint_map codechunk.

```{rpoint_map,cache=TRUE, dependson=’load_data’,error=TRUE, warning=TRUE,message=TRUE}



Thiswillcoversituationswheretheread_csv()callchanges.Forexample,a differentfilemightbereadbythefunction.

5.Keepinmindthatthecacheanddependsonparametersonlymonitorfor changesinthe.Rmdfile.Whatwouldhappeniftheunderlyingdatainthe StudyArea_SmallFile.csvfilechanges?Theansweristhatthechangeswouldn’t bepickedup.Tohandlethissortofsituationyoucanusethecache.extraoption alongwiththefile.info()function.

```{rload_data, cache.extra=file.info(‘~/Desktop/IntroR/

Data/StudyArea_SmallFile.csv’)error=TRUE,warning=TRUE, Exercise5:UsingKnittooutputanRMarkdownfile

TheKnitfunctionalitybuiltintoRStudiocanbeusedtoexportanRMarkdown filetovariousformatsincludingHTML,PDF,andWord.Knitcanbeaccessed fromthedropdownmenuseeninthescreenshotbelow.

1.TosimplifytheoutputoftheRMarkdownfileyou’regoingtoremovesome oftheoptionsthatwereaddedinpreviousexercise.Inthe

CreateMapsWithR.rmdfileremovecache,dependson,andcache.extra parametersaddedinthelastexercise.

2.SelectKnitandfindtheKnitDirectorymenuitemfromtheRStudiointerface.

Bydefault,itissettoDocumentDirectory.Thissimplymeansthattheoutput filewillgointothesamedirectorywheretheRMarkdownfilehasbeensaved.

3.SelectKnit|KnittoHTML.Knitwillbeginprocessingthefileandyou’llsee outputmessaginginformationwrittentotheConsolepane.Ifeverythinggoesas expectedanoutputHTMLfilecalledCreatingMapsWithR.htmlwillbecreated inthesamefolderwheretheCreatingMapsWithR.Rmdfilewassaved.The outputfilewillbefairlylength,butthetoppartshouldlooksimilartothe screenshotbelow.



4.YoucancheckyourworkagainsttheCreatingMapsWithR.Rmdsolutionfile.

Conclusion

InthischapteryoulearnedhowtocreateanRMarkdownfile,whichcanbeused toshareyourworkwithothersinvariousformatsincludingPDF,Word,HTML, slideshows,andmore.RMarkdownfilescanincludecode,results,and commentary,makingthemaperfectresourceforexplainingnotonlytheresults ofaproject,butalsothemechanicsofhowtheworkwasaccomplished.

Inthenextchapteryou’lltackleacasestudythatexamineswildfireactivityin thewesternUnitedStates.


Chapter10

CaseStudy–WildfireActivityintheWesternUnited States

Studiessuggestthatoverthepastfewdecades,thenumberandsizeofwildfires haveincreasedthroughoutthewesternUnitedStates.Theaveragelengthof wildfireseasonhasincreasedsignificantlyaswellinsomeareas.Accordingto theUnionofConcernedScientists(UCS),everystateinthewesternUShas experiencedanincreaseintheaverageannualnumberoflargewildfires(greater than1,000acres)overthepastfewdecades.ThePacificNorthwest,including Washington,Oregon,Idaho,andthewesternhalfofMontanahavehad particularlychallengingwildfireseasonsinrecentyears.

The2017wildfireseasonshatteredrecordsandcosttheU.S.ForestServicean unprecedented$2billion.FromtheOregonwildfirestolateseasonfiresin Montana,andthehighlyunusualtimingoftheCaliforniafiresinDecember,it wasabusyyearinthewesternUnitedStates.While2017wasaparticularly notablewildfireseason,thistrendisnothingnewandresearchsuggestswecan expectthisunfortunatetrendtocontinueduetoclimatechangeandotherfactors.

Arecentstudysuggeststhatoverthenexttwodecades,asmanyas11statesare predictedtoseetheaverageannualareaburnedincreaseby500percent.

ExtensivestudieshavefoundthatlargeforestfiresinthewesternUShavebeen occurringnearlyfivetimesmoreoftensincethe1970sand80s.Suchfiresare burningmorethansixtimesthelandareaasbeforeandlastingalmostfivetimes longer.

Climatechangeisthoughttobetheprimarycauseoftheincreaseinlarge wildfireswithrisingtemperaturesleadingtoearlieranddecreasedvolumeof snowmelts,decreasedprecipitation,andforestconditionsthataredrierfor longerperiodsoftime.Anincreaseinforesttreediseasefrominsectdisturbance hasalsobeenassociatedwithclimatechangeandcanleadtolargeareasof highlyflammabledeadordyingforests.Otherpotentialcausesofincreased wildfireactivityincludeforestmanagementpractices,andanincreaseinhuman causedwildfiresduetoaccidentsorarson.

Inthiscasestudyyouwillusetheskillsyouhavegainedinthisbookalongwith wildfiredatafromtheFederalWildlandFireOccurrenceDatabase,

(https://wildfire.cr.usgs.gov/firehistory/data.html),providedbytheU.S.

GeologicalSurvey(USGS)tovisualizethechangeinwildfireactivityfrom1980

to2016.AnalysiswillbelimitedtothewesternUnitedStatesincluding California,Arizona,NewMexico,Colorado,Utah,Nevada,Utah,Oregon, Washington,Idaho,Montana,andWyoming.Wewereparticularlyinterestedin thesurgeoflargewildlandfires,categorizedasfiresthatburngreaterthan1,000

acres.

So,haswildfireactivityandsizeactuallyincreased,ordoesitjustseemthatway becausewe’retunedinmoretobadnewsandsocialmedia?Inthischapter you’llanswerthosequestionsandmoreusingRwiththetidyversepackage.

Inthischapterwe’llanswerthefollowingquestions:

•Havethenumberofwildfiresincreasedordecreasedinthepastfewdecades?

•Hastheacreageburnedincreasedovertime?

•Isthesizeofindividualwildfiresincreasingovertime?

•Hasthelengthofthefireseasonincreasedovertime?

•Doestheacreageburneddifferbyfederalorganization?

Exercise1:Havethenumberofwildfiresincreasedordecreased inthepastfewdecades? 

TheStudyArea.csvfileinyourIntroR\Datafoldercontainsallnon-prescribed wildfireactivityfrom1980-2016forthe11statesinourstudyarea,which includeCalifornia,Oregon,Washington,Idaho,Nevada,Arizona,Utah, Montana,Wyoming,Colorado,andNewMexico.We’llusethisfileforallthe exercisesinthischapter.We’regoingtofocusprimarilyonlargewildfiresinthis study,definedhereasanynon-prescribedfiregreaterthan1,000acres.

1.InyourIntroRfoldercreateanewfoldercalledCaseStudy1.Youcandothis insideRStudiobygoingtotheFilespaneandselectingNewFolderinsideyour workingdirectory.

2.InRStudioselectFile|NewFile|RScriptandthensavethefiletothe CaseStudy1folderwithanameofCS1_Exercise1.R

.3.Atthetopofthescript,loadthepackagesthatwillbeusedinthisexercise.

library(readr)library(dplyr)library(ggplot2)

4.Usethe

read_csv()functionfromthereadrpackagetoloadthedataintoadataframe.

df<-read_csv(“StudyArea.csv”,col_types=list(UNIT=col_character()), col_names=TRUE)

5.Checkthenumberofrowsinthedataframe.Thisshouldreturn439362or somethingclosetothat.

nrow(df)[1]439362

6.Weonlyneedafewofthecolumnsfromthedataframeforthisexerciseso usetheselect()functiontoretrievetheSTATE,YEAR_,TOTALACRES,and CAUSEcolumns.We’llalsorenamesomeofthesecolumnsinthisstep.Piping willbeusedfortherestofthecodeinthisexercisesobeginthestatementas seenbelow.

df%>%

select(STATE,YR=YEAR_,ACRES=TOTALACRES,CAUSE)%>%

7.Next,filterthedataframesothatonlywildfiresthatburned1,000acresor moreareincluded.Addthecodehighlightedinboldbelow.

df%>%

select(STATE,YR=YEAR_,ACRES=TOTALACRES,CAUSE)%>%

filter(ACRES>=1000)%>%

8.Grouptherecordsbyyear.

df%>%

select(STATE,YR=YEAR_,ACRES=TOTALACRES,CAUSE)%>%

filter(ACRES>=1000)%>%

group_by(YR)%>%

9.Getacountofthenumberofwildfiresforeachyearbyusingthe summarize()functionwiththecount=n()

parameter.

df%>%

select(STATE,YR=YEAR_,ACRES=TOTALACRES,CAUSE)%>%

filter(ACRES>=1000)%>%

group_by(YR)%>%

summarize(count=n())%>%



10.Finally,createascatterplotwitharegressionlinethatdepictsthenumberof wildfiresovertheyears.

df%>%

select(STATE,YR=YEAR_,ACRES=TOTALACRES,CAUSE)%>%

filter(ACRES>=1000)%>%

group_by(YR)%>%

summarize(count=n())%>%

ggplot(mapping=aes(x=YR,y=count))+geom_point()+

geom_smooth(method=lm,se=TRUE)+ggtitle(“LargeFiresAreBecoming MoreCommonintheWest-1980-2016”)+xlab(“Year”)+ylab(“Numberof Wildfires”) 11.Youcancheckyourworkagainstthesolutionfile

CS1_Exercise1.R.12.SavethescriptandthenclicktheRunbutton.Ifyou’ve codedeverythingcorrectlyyoushouldseetheplotdisplayedinthescreenshot below.

13.Basedonthisvisualizationitappearsasthoughlargewildfireshaveindeed becomemorecommonoverthepastfewdecades.Butlet’sexpandthistoseeif allthestatesinthestudyareahavethesamepattern.14.CreateanewRscript andsaveitwithanameofCS1_Exercise1B.R.

15.Addthefollowingcodetoyourscriptandsaveit.We’lldiscussthe differencesbetweenthisscriptandthepreviousafterward.

library(readr)library(dplyr)library(ggplot2)

df<-read_csv(“StudyArea.csv”,col_types=

list(UNIT=col_character()),col_names=TRUE)

df%>%

select(STATE,YR=YEAR_,ACRES=TOTALACRES,CAUSE)%>%

filter(ACRES>=1000)%>%

group_by(STATE,YR)%>%

summarize(cnt=n())%>%

ggplot(mapping=aes(x=YR,y=cnt))+geom_point()+facet_wrap(~STATE)+

geom_smooth(method=lm,se=TRUE)+ggtitle(“NumberofFiresbyStateand Year”)+xlab(“Year”)+ylab(“NumberofFires”)

16.Savethescriptandthenrunittoseetheoutputshowninthescreenshot below.



ThisscriptgroupsthedatasetbySTATEandYRandthensummarizesthedata bygeneratingacountofthenumberforthisgrouping.Finally,thefacet_wrap() functionisusedwithggplot()tocreatethefacetmapthatdepictsthenumberof firesbystateovertime.Anumberoftheindividualstatesshowaslightupward trendovertime,butmanyhaveanalmostflatregressionline.

17.YoucancheckyourworkagainstthesolutionfileCS1_Exercise1B.R

.

18.Challenge1:Repeatthisprocesstoseetheresultsforwildfiresgreaterthan 5,000acres,25,000acres,and100,000acres.Arethesefindingconsistentwith theresultsofwildfiresgreaterthan1,000acres?

19.Challenge2:Repeattheprocessbutthistimegroupthedatabyyearandby wildfiresthatarenaturallyoccurring.TheCAUSEcolumnincludesavalueof Naturalthatcanbeusedtogroupthedata.You’llneedacompoundgrouping statement.

Exercise2:Hastheacreageburnedincreasedovertime? 

Measuringthenumberoffiresovertimeonlytellspartofthestory.Theamount ofacreageburnedduringthattimemaygiveusmoreinsightintothepatternsin wildfireactivity.Inthisexercisewe’llcreatevisualizationsthatillustratehow muchacreageisbeingburnedeachyearasaresultofwildfires.

1.InRStudioselectFile|NewFile|RScriptandthensavethefiletothe CaseStudy1folderwithanameofCS1_Exercise2.R.

2.Atthetopofthescript,loadthepackagesthatwillbeusedinthisexercise.

library(readr)library(dplyr)library(ggplot2)

3.Thefirstfewlinesofthisscriptwillbesimilartothepreviousexercises,soI won’tdiscussthedetailsofeachline.Bynowyoushouldbeabletodetermine whateachoftheselineswillaccomplishanyway.Addthelinesshownbelow.

df<-read_csv(“StudyArea.csv”,col_types=

list(UNIT=col_character()),col_names=TRUE)df%>%

select(STATE,YR=YEAR_,ACRES=TOTALACRES,CAUSE)%>%

filter(ACRES>=1000)%>%

4.Groupthedatabyyear.

df<-read_csv(“StudyArea.csv”,col_types=

list(UNIT=col_character()),col_names=TRUE)df%>%

select(STATE,YR=YEAR_,ACRES=TOTALACRES,CAUSE)%>%

filter(ACRES>=1000)%>%

group_by(YR)%>%

5.Usethe

summarize()

functiontosumthetotalacreageburnedbyyear.

df<-read_csv(“StudyArea.csv”,col_types=

list(UNIT=col_character()),col_names=TRUE)df%>%

select(STATE,YR=YEAR_,ACRES=TOTALACRES,CAUSE)%>%

filter(ACRES>=1000)%>%

group_by(YR)%>%

summarize(totalacres=sum(ACRES))%>%

6.Createascatterplotwithregressionlinethatdisplaysthetotalacreageburned byyear.Inthiscaseyou’llconvertthetotalacresburnedtoalogarithmicscale aswell.

df<-read_csv(“StudyArea.csv”,col_types=

list(UNIT=col_character()),col_names=TRUE)df%>%

select(STATE,YR=YEAR_,ACRES=TOTALACRES,CAUSE)%>%

filter(ACRES>=1000)%>%

group_by(YR)%>%

summarize(totalacres=sum(ACRES))%>%

ggplot(mapping=aes(x=YR,y=log(totalacres)))+geom_point()+

geom_smooth(method=lm,se=TRUE)+ggtitle(“TotalAcresBurned”)+

xlab(“Year”)+ylab(“LogofTotalAcresBurned”)

7.Youcancheckyourworkagainstthesolutionfile

CS1_Exercise2.R

.

8.Savethescriptandthenrunittoseetheoutputshowninthescreenshotbelow.

It’sclearfromthisgraphthattherehasbeenasignificantincreaseintheacreage burnedoverthepastfewdecades.



9.Nowlet’sseeifthistrendissignificantforallstatesinthestudyarea.In RStudioselectFile|NewFile|RScriptandthensavethefiletotheCaseStudy1

folderwithanameofCS1_Exercise2B.R.

10.Atthetopofthescript,loadthepackagesthatwillbeusedinthisexercise.

library(readr)

library(dplyr)

library(ggplot2)

11.Thefirstfewlinesofthisscriptwillbesimilartothepreviousexercises,soI won’tdiscussthedetailsofeachline.Addthelinesshownbelow.

df<-read_csv(“StudyArea.csv”,col_types=

list(UNIT=col_character()),col_names=TRUE)df%>%

select(STATE,YR=YEAR_,ACRES=TOTALACRES,CAUSE)%>%

filter(ACRES>=1000)%>%

12.Groupthedataby

STATEandYR

.

df<-read_csv(“StudyArea.csv”,col_types=

list(UNIT=col_character()),col_names=TRUE)df%>%

select(STATE,YR=YEAR_,ACRES=TOTALACRES,CAUSE)%>%

filter(ACRES>=1000)%>%

group_by(STATE,YR)%>%

13.Usethe

summarize()

functiontocalculatethetotalacreageburnedbystate.

df<-read_csv(“StudyArea.csv”,col_types=

list(UNIT=col_character()),col_names=TRUE)df%>%

select(STATE,YR=YEAR_,ACRES=TOTALACRES,CAUSE)%>%

filter(ACRES>=1000)%>%

group_by(STATE,YR)%>%

summarize(totalacres=sum(ACRES))%>%

14.Createafacetplotthatdisplaysthetotalacreageburnedbystateandyear.

df<-read_csv(“StudyArea.csv”,col_types=

list(UNIT=col_character()),col_names=TRUE)df%>%

select(STATE,YR=YEAR_,ACRES=TOTALACRES,CAUSE)%>%

filter(ACRES>=1000)%>%

group_by(STATE,YR)%>%

summarize(totalacres=sum(ACRES))%>%

ggplot(mapping=aes(x=YR,y=log(totalacres)))+geom_point()+

facet_wrap(~STATE)+geom_smooth(method=lm,se=TRUE)+

ggtitle(“TotalAcresBurned”)+xlab(“Year”)+ylab(“LogofTotalAcres Burned”)

15.Youcancheckyourworkagainstthesolutionfile

CS1_Exercise2B.R



.

16.Savethescriptandthenrunittoseetheoutputshowninthescreenshot below.It’sclearfromthisgraphthattherehasbeenanincreaseintheacreage burnedoverthepastfewdecadesforallthestatesinthestudyarea.

17.Youmayhavewonderedifthereisadifferenceinthesizeofwildfiresthat werecausednaturallyasopposedtohumaninduced.Inthenextfewstepswe’ll writeascripttodojustthat.InRStudioselectFile|NewFile|RScriptandthen savethefiletotheCaseStudy1folderwithanameofCS1_Exercise2C.R.

18.Atthetopofthescript,loadthepackagesthatwillbeusedinthisexercise.

library(readr)library(dplyr)library(ggplot2)

19.Thefirstfewlinesofthisscriptwillbesimilartothepreviousexercises,soI won’tdiscussthedetailsofeachline.Addthelinesshownbelow.

df<-read_csv(“StudyArea.csv”,col_types=

list(UNIT=col_character()),col_names=TRUE)df%>%

select(STATE,YR=YEAR_,ACRES=TOTALACRES,CAUSE)%>%

20.Forthisscriptwe’llfiltersothatonlyNaturalandHumanvaluesareselected fromtheCAUSEcolumninadditiontorequiringthatonlyfiresgreaterthan 1,000acresbeincluded.

ThereareadditionalvaluesintheCAUSEcolumnincludingUNKNOWNanda fewotherrandomvaluessothat’swhywe’retakingthisextrastep.Thedataset doesnotincludeprescribedfires,sowedon’thavetoworryaboutthatinthis case.

The%in%

operatorcanbeusedwithavectorinRtodefinemultiplevaluesasisthecase here.

df<-read_csv(“StudyArea.csv”,col_types=

list(UNIT=col_character()),col_names=TRUE)

df%>%

select(STATE,YR=YEAR_,ACRES=TOTALACRES,CAUSE)%>%

filter(ACRES>=1000&CAUSE%in%c(‘Human’,‘Natural’))%>%

21.GroupthedatabyCAUSEandYR.

df<-read_csv(“StudyArea.csv”,col_types=

list(UNIT=col_character()),col_names=TRUE)

df%>%

select(STATE,YR=YEAR_,ACRES=TOTALACRES,CAUSE)%>%

filter(ACRES>=1000&CAUSE%in%c(‘Human’,‘Natural’))%>%

group_by(CAUSE,YR)%>%

22.Sumthetotalacreageburned.

df<-read_csv(“StudyArea.csv”,col_types=

list(UNIT=col_character()),col_names=TRUE)

df%>%

select(STATE,YR=YEAR_,ACRES=TOTALACRES,CAUSE)%>%

filter(ACRES>=1000&CAUSE%in%c(‘Human’,‘Natural’))%>%

group_by(CAUSE,YR)%>%

summarize(totalacres=sum(ACRES))%>%

23.Plotthedataset.Usethe

colourpropertyfromtheaes()functiontocolorcodethevaluesbyCAUSE

.

df<-read_csv(“StudyArea.csv”,col_types=

list(UNIT=col_character()),col_names=TRUE)

df%>%

select(STATE,YR=YEAR_,ACRES=TOTALACRES,CAUSE)%>%

filter(ACRES>=1000&CAUSE%in%c(‘Human’,‘Natural’))%>%

group_by(CAUSE,YR)%>%

summarize(totalacres=sum(ACRES))%>%

ggplot(mapping=aes(x=YR,y=log(totalacres),colour=CAUSE))+

geom_point()+geom_smooth(method=lm,se=TRUE)+ggtitle(“TotalAcres Burned”)+xlab(“Year”)+ylab(“LogofTotalAcresBurned”)

24.YoucancheckyourworkagainstthesolutionfileCS1_Exercise2C.R.

25.Savethescriptandthenrunittoseetheoutputshowninthescreenshot below.Bothhumanandnaturallycausedwildfireshaveseenasignificant increaseintheamountofacreageburnedoverthepastfewdecades,butthe amountofacreageburnedbynaturallyoccurringfiresappeartobeincreasingat amorerapidpace.



26.Finally,let’screateaviolinplottoseethedistributionofacresburnedby state.InRStudioselectFile|NewFile|RScriptandthensavethefiletothe CaseStudy1folderwithanameofCS1_Exercise2D.R.

27.Atthetopofthescript,loadthepackagesthatwillbeusedinthisexercise.

library(readr)

library(dplyr)

library(ggplot2)

28.Thefirstfewlinesofthisscriptwillbesimilartothepreviousexercises,soI won’tdiscussthedetailsofeachline.Addthelinesshownbelow.

df<-read_csv(“StudyArea.csv”,col_types=

list(UNIT=col_character()),col_names=TRUE)

df%>%

select(ORGANIZATI,STATE,YR=YEAR_,ACRES=TOTALACRES,

CAUSE)%>%

filter(ACRES>=1000)%>%

group_by(STATE)%>%

29.Createaviolinplotwithanembeddedboxplot.

df<-read_csv(“StudyArea.csv”,col_types=

list(UNIT=col_character()),col_names=TRUE)

df%>%

select(ORGANIZATI,STATE,YR=YEAR_,ACRES=TOTALACRES,

CAUSE)%>%

filter(ACRES>=1000)%>%

group_by(STATE)%>%

ggplot(mapping=aes(x=STATE,y=log(ACRES)))+geom_violin()+

geom_boxplot(width=0.1)+ggtitle(“WildfiresbyStateGreaterthan1,000

Acres”)+xlab(“State”)+ylab(“AcresBurned(Log)”)

30.Youcancheckyourworkagainstthesolutionfile

CS1_Exercise2D.R.31.Savethescriptandthenrunittoseetheoutputshownin thescreenshotbelow.



Exercise3:Isthesizeofindividualwildfiresincreasingovertime? 

Inthelastexercisewefoundthatthenumberofwildfiresappearstobe increasingoverthepastfewdecades.Inthisexercisewe’lldeterminewhether thesizeofthosefireshasincreasedaswell.TheStudyArea.csvfilecontainsa TOTALACREScolumnthatdefinesthenumberofacresburnedbyeachfire.

We’llgroupthefiresbyyearandthenbydecadeanddeterminethemeanand medianfiresizeforeach.

1.InRStudioselectFile|NewFile|RScriptandthensavethefiletothe CaseStudy1folderwithanameofCS1_Exercise3.R

.2.Atthetopofthescript,loadthepackagesthatwillbeusedinthisexercise.

library(readr)library(dplyr)library(ggplot2)

3.Thefirstfewlinesofthisscriptwillbethesameasthepreviousexercises,soI won’tdiscussthedetailsofeachline.Bynowyoushouldbeabletodetermine 

whateachoftheselineswillaccomplishanyway.Addthelinesshownbelow.

dfWildfires<-read_csv(“StudyArea.csv”,col_types=list(UNIT=

col_character()),col_names=TRUE)

df<-select(dfWildfires,STATE,YR=YEAR_,ACRES=TOTALACRES, CAUSE)

df<-filter(df,ACRES>=1000)

grp<-group_by(df,CAUSE,YR)

4.Summarizethedatabydeterminingthemeanacreageburnedforeachgroup.

sm<-summarize(grp,mean(ACRES))

5.Thesummarize()functionwillcreateanewcolumncalledmean(ACRES)and addittotheoutputdataframe.Thisisn’texactlyauser-friendlyname,sowe’ll changethenameofthiscolumninthenextstep.Youcanseetheoutputofthe summarize()functioninthescreenshotbelow.

6.Changethecolumnname.

colnames(sm)[3]<-‘MEAN’

7.Createascatterplotoftheresults.

ggplot(data=sm,mapping=aes(x=YR,y=MEAN))+geom_point()+

geom_smooth(method=lm,se=TRUE)+ggtitle(“AverageSizeofWildfiresHas IncreasedforbothHumanandNaturalCauses”)+xlab(“Year”)+ylab(“Average WildfireSize”) 8.Theentirescriptshouldappearasseenbelow.



library(readr)

library(dplyr)

library(ggplot2)

dfWildfires<-read_csv(“StudyArea.csv”,col_types=list(UNIT=

col_character()),col_names=TRUE)

df=select(dfWildfires,STATE,YR=YEAR_,ACRES=TOTALACRES, CAUSE)

df<-filter(df,ACRES>=1000)

grp<-group_by(df,CAUSE,YR)

sm<-summarize(grp,mean(ACRES))

colnames(sm)[3]<-‘MEAN’

ggplot(data=sm,mapping=aes(x=YR,y=MEAN))+geom_point()+

geom_smooth(method=lm,se=TRUE)+ggtitle(“AverageSizeofWildfiresHas IncreasedforbothHumanandNaturalCauses”)+xlab(“Year”)+ylab(“Average WildfireSize”) 9.Youcancheckyourworkagainstthesolutionfile

CS1_Exercise3.R

.

10.Saveandrunthescript.Ifeverythinghasbeencodedcorrectlyyoushould seethefollowingoutput.Thisgraphindicatesacleartrendtowardlarger wildfiresovertime.

11.Nowlet’slookgroupthewildfiresbydecade,sumthetotalacreageburned duringthattime,andcreateabarcharttodisplaytheresults.12.InRStudio selectFile|NewFile|RScriptandthensavethefiletotheCaseStudy1folder withanameofCS1_Exercise3B.R

.13.Atthetopofthescript,loadthepackagesthatwillbeusedinthisexercise.

library(readr)

library(dplyr)

library(ggplot2)

14.Load,select,andfilterthedatainthesamewaywe’vedonewiththeother exercisesinthischapter.

dfWildfires<-read_csv(“StudyArea.csv”,col_types=list(UNIT=

col_character()),col_names=TRUE)

df<-select(dfWildfires,ORGANIZATI,STATE,YR=YEAR_,ACRES=

TOTALACRES,CAUSE)

df<-filter(df,ACRES>=1000)

15.Inthisstepwe’llusethemutate()functionalongwithanifelse()functionto createanewcolumncalledDECADEandthenpopulatethecontentsofthis columnbasedonthevalueoftheYRcolumnforeachrow.Addthecodeyousee below.

df<-mutate(df,DECADE=ifelse(YR%in%1980:1989,“1980-1989”, ifelse(YR%in%1990:1999,“1990-1999”,ifelse(YR%in%2000:2009,“2000-2009”,ifelse(YR%in%2010:2016,“2010-2016”,“-99”))))) 16.Groupthedatasetby

DECADE.

grp<-group_by(df,DECADE)

17.Summarizethedatabycalculatingthemeanvalueofacresburned.

sm<-summarize(grp,mean(ACRES))

18.Renamethecolumncreatedbythesummarize()function.z

names(sm)<-c(“DECADE”,“MEAN_ACRES_BURNED”)

19.Usethegeom_col()functionalongwithggplot()tocreateabarchartthat displaysthemeanwildfiresizebydecade.

ggplot(data=sm)+geom_col(mapping=aes(x=DECADE,y=MEAN_ACRES_

BURNED),fill=”red”)



20.YoucancheckyourworkagainstthesolutionfileCS1_Exercise3B.R

.

21.Saveandrunthescript.Ifeverythinghasbeencodedcorrectlyyoushould seethefollowingoutput.Thisbarchartindicatesacleartrendtowardlarger wildfireswitheachpassingdecade,althoughitshouldbenotedthatthedataset onlyextendsthrough2016sotheresultsforthecurrentdecademaybedifferent inafewyears.

Exercise4:Hasthelengthofthefireseasonincreasedovertime? 

Wildfireseasonisgenerallydefinedasthetimeperiodbetweentheyear’sfirst andlastlargewildfires.Theinfographicbelow,fromtheUnionofConcerned Scientists(https://www.ucsusa.org/global-warming/science-and-impacts/impacts/infographic-wildfiresclimate-change.html#.W1cji9hKj_Q), highlightsthelengthofthewildfireseasonfortheWesternU.S.asaregion.

Localwildfireseasonsvarybylocationbuthavealmostuniversallybecome longeroverthepast40years.



Inthisexercisewe’llmeasurethelengthofthewildfireseasonoverthepastfew decadesfortheregionasawhole,aswellasindividualstates.

1.InRStudioselectFile|NewFile|RScriptandthensavethefiletothe CaseStudy1folderwithanameofCS1_Exercise4.R.

2.Atthetopofthescript,loadthepackagesthatwillbeusedinthisexercise.

Notethatyouwillneedtoloadthelubridatelibraryforthisexercisesincewe’ll bedealingwithdates.

library(readr)

library(dplyr)

library(lubridate)

library(ggplot2)

3.Thefirstfewlinesofthisscriptwillbesimilartothepreviousexercises,soI won’tdiscussthedetailsofeachline.Bynowyoushouldbeabletodetermine whateachoftheselineswillaccomplishanyway.Addthelinesshownbelowto loadthedata,selectthecolumns,andfilterthedata.

df<-read_csv(“StudyArea.csv”,col_types=

list(UNIT=col_character()),col_names=TRUE)

df%>%

select(ORGANIZATI,STATE,YR=YEAR_,ACRES=TOTALACRES,

CAUSE,STARTDATED)%>%

filter(ACRES>=1000)%>%

4.Tomeasurethelengthofthewildfireseasonwe’regoingtoconvertthestart dateofeachfireintothedayoftheyear.Forexample,ifafireoccurredon February1st,itwouldbethe32nddayoftheyear.Usethemutate()functionas seenbelowtoaccomplishthis.Themutate()functionusestheyday()lubridate functiontoconvertthevaluefortheSTARTDATEDcolumnintothedayofthe year.

df<-read_csv(“StudyArea.csv”,col_types=

list(UNIT=col_character()),col_names=TRUE)

df%>%

select(ORGANIZATI,STATE,YR=YEAR_,ACRES=TOTALACRES,

CAUSE,STARTDATED)%>%

filter(ACRES>=1000)%>%

mutate(DOY=yday(as.Date(STARTDATED,format=’%m/%d/%y

%H:%M’)))

%>%

5.Groupthedatabyyear.

df<-read_csv(“StudyArea.csv”,col_types=

list(UNIT=col_character()),col_names=TRUE)

df%>%

select(ORGANIZATI,STATE,YR=YEAR_,ACRES=TOTALACRES,

CAUSE,STARTDATED)%>%

filter(ACRES>=1000)%>%

mutate(DOY=yday(as.Date(STARTDATED,format=’%m/%d/%y%H:%M’)))

%>%

group_by(YR)%>%

6.Gettheearliestandlateststartdatesofthewildfiresusingthe summarize()

function.

df<-read_csv(“StudyArea.csv”,col_types=

list(UNIT=col_character()),col_names=TRUE)

df%>%

select(ORGANIZATI,STATE,YR=YEAR_,ACRES=TOTALACRES,

CAUSE,STARTDATED)%>%

filter(ACRES>=1000)%>%

mutate(DOY=yday(as.Date(STARTDATED,format=’%m/%d/%y%H:%M’)))

%>%

group_by(YR)%>%

summarize(dtEarly=min(DOY,na.rm=TRUE),dtLate=max(DOY, na.rm=TRUE))%>%

7.Finally,useggplotwithtwocallstogeom_line()tocreatetwolinegraphsthat displaytheearlieststartandlatestenddatesbyyear.You’llalsoaddasmoothed regressionlinetobothlinegraphs.

df<-read_csv(“StudyArea.csv”,col_types=

list(UNIT=col_character()),col_names=TRUE)

df%>%

select(ORGANIZATI,STATE,YR=YEAR_,ACRES=TOTALACRES,

CAUSE,STARTDATED)%>%

filter(ACRES>=1000)%>%

mutate(DOY=yday(as.Date(STARTDATED,format=’%m/%d/%y%H:%M’)))

%>%

group_by(YR)%>%

summarize(dtEarly=min(DOY,na.rm=TRUE),dtLate=max(DOY,

na.rm=TRUE))%>%

ggplot()+geom_line(mapping=aes(x=YR,y=dtEarly,color=’B’))+

geom_line(mapping=aes(x=YR,y=dtLate,color=’R’))+geom_

smooth(method=lm,se=TRUE,aes(x=YR,y=dtEarly,color=”B”))+

geom_smooth(method=lm,se=TRUE,aes(x=YR,y=dtLate,color=”R”))+

xlab(“Year”)+ylab(“DayofYear”)+scale_colour_manual(name=

“Legend”,values=c(“R”=“#FF0000”,“B”=“#000000”),labels=c(“First Fire”,“LastFire”))

8.Youcancheckyourworkagainstthesolutionfile

CS1_Exercise4.R

.

9.Saveandrunthescript.Ifeverythinghasbeencodedcorrectlyyoushouldsee thefollowingoutput.Thischartshowsaclearlengtheningofthewildfireseason 

withthefirstfiredatecomingsignificantlyearlierinrecentyearsandthestart dateofthelastfireincreasingaswell.

10.Thelastscriptexaminedthetrendsinwildfireseasonlengthfortheentire studyarea,butyoumightwanttoexaminethesetrendsatastatelevelinstead.

Thiscanbeeasilyaccomplishedbyaddingasecondstatementtothefilter.

Updatethefilterasseenbelowandre-runthescripttoseetheresult.

df<-read_csv(“StudyArea.csv”,col_types=

list(UNIT=col_character()),col_names=TRUE)

df%>%

select(ORGANIZATI,STATE,YR=YEAR_,ACRES=TOTALACRES,

CAUSE,STARTDATED)%>%

filter(ACRES>=1000&STATE==‘Arizona’)%>%

mutate(DOY=yday(as.Date(STARTDATED,format=’%m/%d/%y%H:%M’)))

%>%

group_by(YR)%>%



summarize(dtEarly=min(DOY,na.rm=TRUE),dtLate=max(DOY,

na.rm=TRUE))%>%

ggplot()+geom_line(mapping=aes(x=YR,y=dtEarly,color=’B’))+

geom_line(mapping=aes(x=YR,y=dtLate,color=’R’))+geom_

smooth(method=lm,se=TRUE,aes(x=YR,y=dtEarly,color=”B”))+

geom_smooth(method=lm,se=TRUE,aes(x=YR,y=dtLate,color=”R”))+

xlab(“Year”)+ylab(“DayofYear”)+scale_colour_manual(name=“Legend”, values=c(“R”=“#FF0000”,“B”=“#000000”),labels=c(“FirstFire”,“Last Fire”)) TheStateofArizonashowsanevenbiggertrendtowardlongerwildfireseasons.

Tryafewotherstatesaswell.

Exercise5:Doestheaveragewildfiresizedifferbyfederal organization

Towrapupthischapterwe’llexamineiftheaveragewildfiresizediffersby federalorganization.TheStudyArea.csvfileincludesacolumn(ORGANIZATI) thatindicatesthejurisdictionwherethefirestarted.Thiscolumncanbeusedto groupthewildfires.

1.InRStudioselectFile|NewFile|RScriptandthensavethefiletothe CaseStudy1folderwithanameofCS1_Exercise5.R

.2.Atthetopofthescript,loadthepackagesthatwillbeusedinthisexercise.

library(readr)library(dplyr)library(ggplot2)

3.Thefirstfewlinesofthisscriptwillbesimilartothepreviousexercises,soI won’tdiscussthedetailsofeachline.Bynowyoushouldbeabletodetermine whateachoftheselineswillaccomplishanyway.Addthelinesshownbelowto loadthedata,selectthecolumns,andfilterthedata.

df<-read_csv(“StudyArea.csv”,col_types=

list(UNIT=col_character()),col_names=TRUE)

df%>%

select(ORG=ORGANIZATI,STATE,YR=YEAR_,ACRES=

TOTALACRES,CAUSE,STARTDATED)%>%

filter(ACRES>=1000)%>%

4.Groupthedatasetby

ORGandYR

.

df<-read_csv(“StudyArea.csv”,col_types=

list(UNIT=col_character()),col_names=TRUE)

df%>%

select(ORG=ORGANIZATI,STATE,YR=YEAR_,ACRES=

TOTALACRES,

CAUSE,STARTDATED)%>%

filter(ACRES>=1000&ORG%in%c(‘BIA’,‘BLM’,‘FS’,‘FWS’,‘NPS’))

%>%

group_by(ORG,YR)%>%

5.Summarizethedatabycalculatingthemeanacreageburnedbyorganization andyear.

df<-read_csv(“StudyArea.csv”,col_types=

list(UNIT=col_character()),col_names=TRUE)

df%>%

select(ORG=ORGANIZATI,STATE,YR=YEAR_,ACRES=

TOTALACRES,CAUSE,STARTDATED)%>%

filter(ACRES>=1000&ORG%in%c(‘BIA’,‘BLM’,‘FS’,‘FWS’,‘NPS’))

%>%

group_by(ORG,YR)%>%

summarize(meanacres=mean(ACRES))%>%

6.Createafacetplotforthemeanacreageburnedbyyearforeachorganization.

df<-read_csv(“StudyArea.csv”,col_types=

list(UNIT=col_character()),col_names=TRUE)

df%>%

select(ORG=ORGANIZATI,STATE,YR=YEAR_,ACRES=

TOTALACRES,CAUSE,STARTDATED)%>%

filter(ACRES>=1000&ORG%in%c(‘BIA’,‘BLM’,‘FS’,‘FWS’,‘NPS’))

%>%

group_by(ORG,YR)%>%

summarize(meanacres=mean(ACRES))%>%

ggplot(mapping=aes(x=YR,y=log(meanacres)))+geom_point()+

facet_wrap(~ORG)+geom_smooth(method=lm,se=TRUE)+ggtitle(“Acres BurnedbyFederalOrganization”)+xlab(“Year”)+ylab(“LogofTotal AcresBurned”) 7.YoucancheckyourworkagainstthesolutionfileCS1_Exercise5.R.

8.Saveandrunthescript.Ifeverythinghasbeencodedcorrectlyyoushouldsee thefollowingoutput.Itappearsasthoughallthefederalagencieshave experiencedsimilarincreasesinthesizeofwildfiressince1980.




Chapter11

CaseStudy–SingleFamilyResidentialHomeand RentalValues

TheZillowResearchgrouppublishesseveraldifferentmeasuresofhomesvalues onamonthlybasisincludingmedianlistprices,mediansaleprices,andthe ZillowHomeValueIndex(ZHVI).TheZHVIisbasedonZillow’sinternal methodologyformeasuringhomevaluesovertime.Inaddition,Zillowalso publishesasimilarmeasureofrentalvalues(ZRI)aswellasanumberofother realestaterelateddatasets.

ThemethodologyforZHVIcanbereadindetailathttps://www.zillow.com/

research/zhvi-methodology-6032/,butthesimpleexplanationisthatZillow takesallestimatedhomevaluesforagivenregionandmonth(Zestimate),takes amedianofthesevalues,appliessomeadjustmentstoaccountforseasonalityor errorsinindividualhomeestimates,andthendoesthesameacrossallmonths overthepast20yearsandformanydifferentgeographylevels(ZIP, neighborhood,city,county,metro,state,andcountry).Forexample,ifZHVIwas $400,000inSeattleonemonth,thatindicatesthat50percentofhomesinthe areaareworthmorethan$400,000and50percentareworthless(adjustingfor seasonalfluctuations–e.g.pricestendtobelowinDecember).

ZillowrecommendsusingZHVItotrackhomevaluesovertimeforthevery simplereasonthatZHVIrepresentsthewholehousingstockandnotjustthe homesthatlistorsellinagivenmonth.Imagineamonthwherenohomes outsideofCaliforniasold.Anationalmedianpriceseriesormedianlistseries wouldbothspike.ZHVI,however,wouldremainamedianofallhomesacross thecountryandwouldn’tskewtowardCaliforniaanymorethanintheprevious month.ZHVIwillalwaysreflectthevalueofallhomesandnotjusttheonesthat listorsellinagivenmonth.Inthischapterwe’llusesomebasicRvisualization techniquestobetterunderstandresidentialrealestatevaluesandrentalpricesin theAustin,TXmetropolitanarea.

Inthischapterwe’llcoverthefollowingtopics:

•WhatisthetrendforhomevaluesintheAustinmetropolitanarea?

•WhatisthetrendforrentalvaluesintheAustinmetropolitanarea?

•Determiningtheprice-rentratiofortheAustinmetropolitanarea.

•ComparingresidentialhomevaluesinAustintootherTexasmetropolitanareas Exercise1:WhatisthetrendforhomevaluesintheAustinmetro area TheCounty_Zhvi_SingleFamilyResidence.csvfileinyourIntroR\Datafolder containshomevaluedatafromZillow.TheZillowHomeValueIndex(ZHVI)is asmoothed,seasonallyadjustedmeasureofthemedianestimatedhomevalue acrossagivenregionandhousingtype.Itisadollar-denominatedalternativeto repeat-salesindices.Zillowalsopublisheshomevalueandotherhousingdatafor localmarkets,aswellasamoredetailedmethodologyandacomparisonof ZHVItotheS&PCoreLogicCase-ShillerHomePriceIndices.We’llusethisfile forthisparticularexercise.

Inthisfirstexercisewe’llexaminehomevaluesoverthepastcoupleofdecades fromtheAustinmetropolitanarea.

1.InyourIntroRfoldercreateanewfoldercalledCaseStudy2.Youcandothis insideRStudiobygoingtotheFilespaneandselectingNewFolderinsideyour workingdirectory.

2.InRStudioselectFile|NewFile|RScriptandthensavethefiletothe CaseStudy1folderwithanameofCS2_Exercise1.R.

3.Atthetopofthescript,loadthepackagesthatwillbeusedinthisexercise.

library(readr)library(dplyr)library(ggplot2)

4.Usethe

read_csv()functionfromthereadr

packagetoloadthedataintoadataframe.

df<-read_csv(“County_Zhvi_SingleFamilyResidence.csv”,col_names=TRUE) 5.Startapipingexpressionanddefinethecolumnsthatshouldbeincludedin thedataframe.

df%>%

select(RegionName,State,Metro,`1996`=`1996-05`,`1997`=`1997-05`,

`1998`=`1998-05`,`1999`=`1999-05`,`2000`==`1997-05`,`1998`=`1998-05`,`1999`=`1999-05`,`2000`==`1997-05`,`1998`=`1998-05`,`1999`=

`1999-05`,`2000`=05`,`2007`=`2007-05`,`2008`=`2008-05`,`2009`=



`2009-05`,`2010`=`2010-05`,`2011`=`2011-05`,`2012`=`2012-05`,`2013`

=`2013-05`,`2014`=`2014-05`,`2015`=`2015-05`,`2016`=`2016-05`,

`2017`=`2017-05`,`2018`=`2018-05`)%>%

6.FilterthedataframetoincludetheAustinmetropolitanareafromthestateof Texas.

df%>%

select(RegionName,State,Metro,`1996`=`1996-05`,`1997`=`1997-05`,

`1998`=`1998-05`,`1999`=`1999-05`,`2000`==`1997-05`,`1998`=`1998-05`,`1999`=`1999-05`,`2000`==`1997-05`,`1998`=`1998-05`,`1999`=

`1999-05`,`2000`=05`,`2007`=`2007-05`,`2008`=`2008-05`,`2009`=

`2009-05`,`2010`=`2010-05`,`2011`=`2011-05`,`2012`=`2012-05`,`2013`

=`2013-05`,`2014`=`2014-05`,`2015`=`2015-05`,`2016`=`2016-05`,

`2017`=`2017-05`,`2018`=`2018-05`)%>%filter(State==‘TX’&Metro

==‘Austin’)%>%

7.Ifyouweretoviewthestructureofthedataframeatthispointitwouldlook likethescreenshotbelow.Acommonprobleminmanydatasetsisthatthe columnnamesarenotvariablesbutrathervaluesofavariable.Inthefigure providedbelow,thecolumnsthatrepresenteachyearinthestudyareactually valuesofthevariableYEAR.Eachrowintheexistingtableactuallyrepresents manyannualobservations.Thetidyrpackagecanbeusedtogatherthese existingcolumnsintoanewvariable.Inthiscase,weneedtocreateanew columncalledYRandthengathertheexistingvaluesintheannualcolumnsinto thenewYRcolumn.

Inthenextstepwe’llusethegather()functiontoaccomplishthis.

8.Usethegather()functiontotidyupthedatasothatanewYRcolumnis created,androwsforeachcounty(RegionName)andyearvalueareadded.

df<-read_csv(“County_Zhvi_SingleFamilyResidence.csv”,col_names=TRUE) df%>%

select(RegionName,State,Metro,`1996`=`1996-05`,`1997`=`1997-05`,

`1998`=`1998-05`,`1999`=`1999-05`,`2000`==`1997-05`,`1998`=`1998-05`,`1999`=`1999-05`,`2000`==`1997-05`,`1998`=`1998-05`,`1999`=

`1999-05`,`2000`=05`,`2007`=`2007-05`,`2008`=`2008-05`,`2009`=

`2009-05`,`2010`=`2010-05`,`2011`=`2011-05`,`2012`=`2012-05`,`2013`

=`2013-05`,`2014`=`2014-05`,`2015`=`2015-05`,`2016`=`2016-05`,

`2017`=`2017-05`,`2018`=`2018-05`)%>%filter(State==‘TX’&Metro==

‘Austin’)%>%

gather(`1996`,`1997`,`1998`,`1999`,`2000`,`2001`,`2002`,`2003`,`2004`, 

`2005`,`2006`,`2007`,`2008`,`2009`,`2010`,`2011`,`2012`,`2013`,`2014`, 

`2015`,`2016`,`2017`,`2018`,key=’YR’,value=’ZHVI’)%>%

9.Ifyouweretoviewtheresult,thedataframewouldnowappearasseeninthe figurebelow.



10.Nowwe’rereadytoplotthedata.Addthecodeyouseebelowtocreatea pointplotthatisgroupedbyRegionName

(County).

df<-read_csv(“County_Zhvi_SingleFamilyResidence.csv”,col_names=TRUE) df%>%

select(RegionName,State,Metro,`1996`=`1996-05`,`1997`=`1997-05`,

`1998`=`1998-05`,`1999`=`1999-05`,`2000`==`1997-05`,`1998`=`1998-05`,`1999`=`1999-05`,`2000`==`1997-05`,`1998`=`1998-05`,`1999`=

`1999-05`,`2000`=05`,`2007`=`2007-05`,`2008`=`2008-05`,`2009`=

`2009-05`,`2010`=`2010-05`,`2011`=`2011-05`,`2012`=`2012-05`,`2013`

=`2013-05`,`2014`=`2014-05`,`2015`=`2015-05`,`2016`=`2016-05`,

`2017`=`2017-05`,`2018`=`2018-05`)%>%filter(State==‘TX’&Metro==

‘Austin’)%>%

gather(`1996`,`1997`,`1998`,`1999`,`2000`,`2001`,`2002`,`2003`,`2004`,

`2005`,`2006`,`2007`,`2008`,`2009`,`2010`,`2011`,`2012`,`2013`,`2014`,

`2015`,`2016`,`2017`,`2018`,key=’YR’,value=’ZHVI’)%>%

ggplot(mapping=aes(x=YR,y=ZHVI,colour=RegionName))+geom_

point()+geom_smooth(method=lm,se=TRUE)+ggtitle(“SingleFamily HomesValuesHaveIncreasedintheAustinMetroArea”)+xlab(“Year”)+

ylab(“HomeValues”)

11.Youcancheckyourworkagainstthesolutionfile

CS2_Exercise1.R

.

12.Savethescriptandthenrunittoseetheoutputshowninthescreenshot below.AllcountiesintheAustinmetropolitanareahaveexperienced significantlyincreasedvaluesinthepastcoupledecades.Theincreasehasbeen particularlynoticeablesince2012.



13.Insteadofasimpledotplotyoumightwanttocreateabarchartinstead.

Commentoutthelineofcodethatcallstheexistingggplot()functionandadda newlineasseenbelow.

ggplot(mapping=aes(x=YR,y=ZHVI,colour=RegionName))+geom_col()+

ggtitle(“SingleFamilyHomesValuesHaveIncreasedintheAustinMetroArea”)

+xlab(“Year”)+ylab(“HomeValues”)

14.Saveandrunthescriptandtheoutputshouldnowappearasseeninthe screenshotbelow.Theupwardtrendinvaluesseemsevenmoreobviouswhen viewedinthismanner.



Exercise2:WhatisthetrendforrentalratesintheAustinmetro area? 

TheCounty_Zri_SingleFamilyResidenceRental.csvfileinyourIntroR\Data foldercontainssinglefamilyresidentialrealestatevaluesZillow.ZillowRent Index(ZRI)isasmoothed,seasonallyadjustedmeasureofthemedianestimated marketraterentacrossagivenregionandhousingtype.ZRIisadollar-denominatedalternativetorepeatrentindices.

Inthisexercisewe’llexaminerentvaluesoverthepastfewyearsfromthe Austinmetropolitanarea.

1.InRStudioselectFile|NewFile|RScriptandthensavethefiletothe CaseStudy1folderwithanameofCS2_Exercise2.R

.2.Atthetopofthescript,loadthepackagesthatwillbeusedinthisexercise.

library(readr)library(dplyr)library(ggplot2)

3.Usethe

read_csv()functionfromthereadr

packagetoloadthedataintoadataframe.

df<-read_csv(“County_Zhvi_SingleFamilyResidence.csv”,col_names=TRUE) 4.Selectthecolumnsandfilterthedata.Thisdatasetcontainsdatafrom2010

goingforward.We’llusedatafromDecemberoftheyears2010to2017forthe Austin,TXmetropolitanarea.

df<-read_csv(“County_Zri_SingleFamilyResidenceRental.csv”,col_names=

TRUE)

df%>%

select(RegionName,State,Metro,`2010`=`2010-12`,`2011`=`2011-12`, 

`2012`=`2012-12`,`2013`=`2013-12`,`2014`=`2014-12`,`2015`=`2015-12`,`2016`=`2016-12`,`2017`=`2017-12`)%>%

filter(State==‘TX’&Metro==‘Austin’)%>%

5.Gatherthedata.

df<-read_csv(“County_Zri_SingleFamilyResidenceRental.csv”,col_names=

TRUE)

df%>%

select(RegionName,State,Metro,`2010`=`2010-12`,`2011`=`2011-12`,

`2012`=`2012-12`,`2013`=`2013-12`,`2014`=`2014-12`,`2015`=`2015-12`,`2016`=`2016-12`,`2017`=`2017-12`)%>%

filter(State==‘TX’&Metro==‘Austin’)%>%

gather(`2010`,`2011`,`2012`,`2013`,`2014`,`2015`,`2016`, 

`2017`,key=’YR’,value=’ZRI’)%>%

6.Callthe

ggplot()

functiontoplotthedata.Inthisplotwe’llalsoaddlabelstoeachpoint.

df<-read_csv(“County_Zri_SingleFamilyResidenceRental.csv”,col_names=

TRUE)

df%>%

select(RegionName,State,Metro,`2010`=`2010-12`,`2011`=`2011-12`,

`2012`=`2012-12`,`2013`=`2013-12`,`2014`=`2014-12`,`2015`=`2015-12`,`2016`=`2016-12`,`2017`=`2017-12`)%>%

filter(State==‘TX’&Metro==‘Austin’)%>%

gather(`2010`,`2011`,`2012`,`2013`,`2014`,`2015`,`2016`,`2017`,key=’YR’, value=’ZRI’)%>%

ggplot(mapping=aes(x=YR,y=ZRI,colour=RegionName))+geom_point()

+geom_text(aes(label=ZRI,vjust=-0.5),size=3)+ggtitle(“SingleFamily RentalValuesHaveIncreasedintheAustinMetroArea”)+xlab(“Year”)+

ylab(“RentalValues”)

7.YoucancheckyourworkagainstthesolutionfileCS2_Exercise2.R.

8.Savethescriptandthenrunittoseetheoutputshowninthescreenshotbelow.



Exercise3:DeterminingthePrice-RentRatiofortheAustin metropolitanarea

Theprice-to-rentratioisameasureoftherelativeaffordabilityofrentingand buyinginagivenhousingmarket.Itiscalculatedastheratioofhomepricesto annualrentalrates.So,forexample,inarealestatemarketwhere,onaverage,a homeworth$200,000couldrentfor$1000amonth,theprice-rentratiois16.67.

That’sdeterminedusingtheformula:$200,000÷(12x$1,000).Ingeneral,the lowertheratio,themorefavorabletorealestateinvestorslookingforresidential property.

Inthisexerciseyou’lljointheZillowhomevaluedatatotherentaldata,createa newcolumntoholdtheprice-rentratio,calculatetheratio,andplotthedataasa barchart.1.InRStudioselect File|NewFile|RScriptandthensavethefiletotheCaseStudy1folderwitha nameofCS1_Exercise3.R

.2.Atthetopofthescript,loadthepackagesthatwillbeusedinthisexercise.

library(readr)library(dplyr)library(ggplot2)

3.Inthisstepyou’llreadtheresidentialvaluationinformationfromtheZillow file,definethecolumnsthatshouldbeused,filterthedataandgatherthedata.In thiscasewe’regoingtofilterthedatasothatonlyTravisCountyisincluded.

Addthefollowinglinesofcodetoyourscripttoaccomplishthistask.

dfHomeVals<-read_csv(“County_Zhvi_SingleFamilyResidence.

csv”,col_names=TRUE)

dfHomeVals<-select(dfHomeVals,RegionName,State,Metro,`2010`=

dfHomeVals<-select(dfHomeVals,RegionName,State,Metro,`2010`=12`,

`2014`=`2014-12`,`2015`=`2015-12`,`2016`=`2016-12`,`2017`=`2017-12`)

dfHomeVals<-filter(dfHomeVals,State==‘TX’&Metro==‘Austin’& RegionName==‘Travis’)

dfHomeVals<-gather(dfHomeVals,`2010`,`2011`,`2012`,`2013`,`2014`,

`2015`,`2016`,`2017`,key=’YR’,value=’ZHVI’)

4.Nowdothesamefortherentaldata.

dfRentVals<-read_csv(“County_Zri_SingleFamilyResidenceRental.

csv”,col_names=TRUE)

dfRentVals<-select(dfRentVals,RegionName,State,Metro,`2010`=`2010-12`,`2011`=`2011-12`,`2012`=`2012-12`,`2013`==`2010-12`,`2011`=

`2011-12`,`2012`=`2012-12`,`2013`=12`,`2017`=`2017-12`) dfRentVals<-filter(dfRentVals,State==‘TX’&Metro==‘Austin’& RegionName==‘Travis’) dfRentVals<-gather(dfRentVals,`2010`,`2011`,`2012`,`2013`,`2014`,`2015`,

`2016`,`2017`,key=’YR’,value=’ZRI’)

5.Thetwopreviousstepscreateddataframesfortheresidentialhomevalueand rentaldata.Inthisstepwe’lljointhosetwodataframestogetherusingthedplyr package.Addthelineofcodeyouseebelowtoyourscript.Thisusesthe inner_join()function,whichisthesimplesttypeofjoin.Aninnerjoinmatches pairsofobservationswhenevertheirkeysareequal.

df<-inner_join(dfHomeVals,dfRentVals,by=‘YR’)

6.Ifyouweretoviewtheresultingdataframeatthispointitwouldlooklikethe screenshotbelow.NoticethattheZHVI(residentialhomevalue)andZRI(rental value)columnsareattached.





7.Next,usethemutate()functiontocreateacolumncalled

PriceRentRatio,andpopulatetherowsusingthecalculationseenbelow.

df<-mutate(df,PriceRentRatio=ZHVI/(12*ZRI))

8.Ifyouweretoviewtheresultsofthemutate()functionitwouldappearas seeninthescreenshotbelow.NoticethateachyearincludesaPriceRentRatio valuethathasbeencalculated.

9.Finally,createabarchartusinggeom_col()withPriceRentRatioastheyaxis, andYRasthex

axis.

ggplot(data=df)+geom_col(mapping=aes(x=YR,y=PriceRentRatio), fill=”red”)

10.Yourentirescriptshouldappearasseenbelow.

library(readr)

library(dplyr)

library(ggplot2)

dfHomeVals<-read_csv(“County_Zhvi_SingleFamilyResidence.

csv”,col_names=TRUE)

dfHomeVals<-select(dfHomeVals,RegionName,State,Metro,`2010`=

dfHomeVals<-select(dfHomeVals,RegionName,State,Metro,`2010`=12`,

`2014`=`2014-12`,`2015`=`2015-12`,`2016`=`2016-12`,`2017`=`2017-12`)

dfHomeVals<-filter(dfHomeVals,State==‘TX’&Metro==‘Austin’& RegionName==‘Travis’)

dfHomeVals<-gather(dfHomeVals,`2010`,`2011`,`2012`,`2013`,`2014`,

`2015`,`2016`,`2017`,key=’YR’,value=’ZHVI’)

dfRentVals<-read_csv(“County_Zri_SingleFamilyResidenceRental.

csv”,col_names=TRUE)

dfRentVals<-select(dfRentVals,RegionName,State,Metro,`2010`=`2010-12`,`2011`=`2011-12`,`2012`=`2012-12`,`2013`==`2010-12`,`2011`=

`2011-12`,`2012`=`2012-12`,`2013`=12`,`2017`=`2017-12`) dfRentVals<-filter(dfRentVals,State==‘TX’&Metro==‘Austin’& RegionName==‘Travis’) dfRentVals<-gather(dfRentVals,`2010`,`2011`,`2012`,`2013`,`2014`,`2015`,

`2016`,`2017`,key=’YR’,value=’ZRI’)

#jointhetwodf

df<-inner_join(dfHomeVals,dfRentVals,by=‘YR’)

df<-mutate(df,PriceRentRatio=ZHVI/(12*ZRI))

ggplot(data=df)+geom_col(mapping=aes(x=YR,y=PriceRentRatio), fill=”red”)

11.Youcanalsocheckyourworkagainstthesolutionfile

CS2_Exercise3.R

.

12.Savethescriptandthenrunittoseetheoutputshowninthescreenshot below.Price-rentratioshavebeensteadilyincreasingduringthecurrentdecade.



Exercise4:ComparingresidentialhomevaluesinAustintoother TexasandU.S.metropolitanareas

Inthisexercisewe’llcompareresidentialhomevaluesfromtheAustin metropolitanareatootherlargemetropolitanareasinTexasincludingSan Antonio,Dallas,andHouston.Forthisexercisewe’llcreateaboxplotcontained withinaviolinplot.

1.InRStudioselect

File|NewFile|RScriptandthensavethefiletotheCaseStudy1folderwitha nameofCS2_Exercise4.R

.2.Atthetopofthescript,loadthepackagesthatwillbeusedinthisexercise.

library(readr)library(dplyr)library(ggplot2)

3.Usethe

read_csv()functionfromthereadr

packagetoloadthedataintoadataframe.

df<-read_csv(“County_Zhvi_SingleFamilyResidence.csv”,col_names=TRUE)

4.Selectthecolumnsandfilterthedata.Thisdatasetcontainsdatafrom2010

goingforward.We’llusedatafromDecemberoftheyears2010to2017forthe Austin,TXmetropolitanarea.

dfHomeVals<-read_csv(“County_Zhvi_SingleFamilyResidence.

csv”,col_names=TRUE)

dfHomeVals%>%

select(RegionName,State,Metro,`2010`=`2010-12`,`2011`=`2011-12`, 

`2012`=`2012-12`,`2013`=`2013-12`,`2014`=`2014-12`,`2015`=`2015-12`,`2016`=`2016-12`,`2017`=`2017-12`)%>%

5.FilterthedataframetoincludeonlyAustin,SanAntonio,Dallas-FortWorth, andHouston.Thesearethefourmajormetropolitanareasinthestate.

dfHomeVals<-read_csv(“County_Zhvi_SingleFamilyResidence.

csv”,col_names=TRUE)

dfHomeVals%>%

select(RegionName,State,Metro,`2010`=`2010-12`,`2011`=`2011-12`,

`2012`=`2012-12`,`2013`=`2013-12`,`2014`=`2014-12`,`2015`=`2015-12`,`2016`=`2016-12`,`2017`=`2017-12`)%>%

filter(State==‘TX’&Metro%in%c(“Austin”,“SanAntonio”,“Dallas-FortWorth”,“Houston”))%>%

6.Gatherthedataframe.

dfHomeVals%>%

select(RegionName,State,Metro,`2010`=`2010-12`,`2011`=`2011-12`,

`2012`=`2012-12`,`2013`=`2013-12`,`2014`=`2014-12`,`2015`=`2015-12`,`2016`=`2016-12`,`2017`=`2017-12`)%>%

filter(State==‘TX’&Metro%in%c(“Austin”,“SanAntonio”,“Dallas-Fort Worth”,“Houston”))%>%

gather(`2010`,`2011`,`2012`,`2013`,`2014`,`2015`,`2016`, 

`2017`,key=’YR’,value=’ZHVI’)%>%

7.Groupthedatabymetropolitanarea.

dfHomeVals<-read_csv(“County_Zhvi_SingleFamilyResidence.

csv”,col_names=TRUE)

dfHomeVals%>%

select(RegionName,State,Metro,`2010`=`2010-12`,`2011`=`2011-12`,

`2012`=`2012-12`,`2013`=`2013-12`,`2014`=`2014-12`,`2015`=`2015-12`,`2016`=`2016-12`,`2017`=`2017-12`)%>%

filter(State==‘TX’&Metro%in%c(“Austin”,“SanAntonio”,“Dallas-Fort Worth”,“Houston”))%>%

gather(`2010`,`2011`,`2012`,`2013`,`2014`,`2015`,`2016`,`2017`,key=’YR’, value=’ZHVI’)%>%

group_by(Metro)%>%

8.Use

ggplot()withgeom_violin()andgeom_boxplot()

tocreatetheplot.

dfHomeVals<-read_csv(“County_Zhvi_SingleFamilyResidence.

csv”,col_names=TRUE)

dfHomeVals%>%

select(RegionName,State,Metro,`2010`=`2010-12`,`2011`=`2011-12`,

`2012`=`2012-12`,`2013`=`2013-12`,`2014`=`2014-12`,`2015`=`2015-12`,`2016`=`2016-12`,`2017`=`2017-12`)%>%

filter(State==‘TX’&Metro%in%c(“Austin”,“SanAntonio”,“Dallas-Fort Worth”,“Houston”))%>%

gather(`2010`,`2011`,`2012`,`2013`,`2014`,`2015`,`2016`,`2017`,key=’YR’, value=’ZHVI’)%>%

group_by(Metro)%>%

ggplot(mapping=aes(x=Metro,y=ZHVI))+geom_violin()+

geom_boxplot(width=0.1)+ggtitle(“ZHVIforMetroTexas”)+

xlab(“Metro”)+ylab(“ZHVI”)

9.Youcanalsocheckyourworkagainstthesolutionfile

CS2_Exercise4.R

.

10.Savethescriptandthenrunittoseetheoutputshowninthescreenshot below.



11.Challenge:Updatethescripttoincludethefollowingmetropolitanareas: Austin,Denver,Phoenix,SaltLakeCity,Boise,Portland.Youcancheckyour codeagainstthesolutionfileCS2_Exercise4.R.Theoutputplotshouldappearas seeninthescreenshotbelow.



12.Finally,we’llcreateascriptthatdisplaystheZHVIvaluesforeach metropolitanareainafacetplot.InRStudioselectFile|NewFile|RScriptand thensavethefiletotheCaseStudy1folderwithanameofCS2_Exercise4B.R.

13.Atthetopofthescript,loadthepackagesthatwillbeusedinthisexercise.

library(readr)

library(dplyr)

library(ggplot2)

14.Usethe

read_csv()functionfromthereadr

packagetoloadthedataintoadataframe.

df<-read_csv(“County_Zhvi_SingleFamilyResidence.csv”,col_names=TRUE) 15.Definethecolumnstouse.Inthiscasewe’llusetheyears2000-2017.

dfHomeVals%>%

select(RegionName,State,Metro,`2000`=`2000-05`,`2001`=

select(RegionName,State,Metro,`2000`=`2000-05`,`2001`=

select(RegionName,State,Metro,`2000`=`2000-05`,`2001`=05`,`2008`=

`2008-05`,`2009`=`2009-05`,`2010`=`2010-05`,`2011`=`2011-05`,`2012`

=`2012-05`,`2013`=`2013-05`,`2014`=`2014-05`,`2015`=`2015-05`,

`2016`=`2016-05`,`2017`=`2017-05`,`2018`=`2018-05`)%>%

16.Filterthedataframetoincludeonlyspecificmetropolitanareas.

dfHomeVals<-read_csv(“County_Zhvi_SingleFamilyResidence.

csv”,col_names=TRUE)

dfHomeVals%>%

select(RegionName,State,Metro,`2000`=`2000-05`,`2001`=

select(RegionName,State,Metro,`2000`=`2000-05`,`2001`=

select(RegionName,State,Metro,`2000`=`2000-05`,`2001`=05`,`2008`=

`2008-05`,`2009`=`2009-05`,`2010`=`2010-05`,`2011`=`2011-05`,`2012`

=`2012-05`,`2013`=`2013-05`,`2014`=`2014-05`,`2015`=`2015-05`,

`2016`=`2016-05`,`2017`=`2017-05`,`2018`=`2018-05`)%>%

filter(Metro%in%c(“Austin”,“Denver”,“Phoenix”,“Portland”,“Salt LakeCity”))%>%

17.Gatherthedata.

dfHomeVals<-read_csv(“County_Zhvi_SingleFamilyResidence.

csv”,col_names=TRUE)

dfHomeVals%>%

select(RegionName,State,Metro,`2000`=`2000-05`,`2001`=

select(RegionName,State,Metro,`2000`=`2000-05`,`2001`=

select(RegionName,State,Metro,`2000`=`2000-05`,`2001`=05`,`2008`=

`2008-05`,`2009`=`2009-05`,`2010`=`2010-05`,`2011`=`2011-05`,`2012`

=`2012-05`,`2013`=`2013-05`,`2014`=`2014-05`,`2015`=`2015-05`,

`2016`=`2016-05`,`2017`=`2017-05`,`2018`=`2018-05`)%>%

filter(Metro%in%c(“Austin”,“Denver”,“Phoenix”,“Portland”,“SaltLake City”))%>%

gather(`2000`,`2001`,`2002`,`2003`,`2004`,`2005`,`2006`,`2007`,`2008`, 

`2009`,`2010`,`2011`,`2012`,`2013`,`2014`,`2015`,`2016`, 

`2017`,key=’YR’,value=’ZHVI’)%>%

18.Groupthedatabymetropolitanarea.

dfHomeVals<-read_csv(“County_Zhvi_SingleFamilyResidence.

csv”,col_names=TRUE)

dfHomeVals%>%

select(RegionName,State,Metro,`2000`=`2000-05`,`2001`=

select(RegionName,State,Metro,`2000`=`2000-05`,`2001`=

select(RegionName,State,Metro,`2000`=`2000-05`,`2001`=05`,`2008`=

`2008-05`,`2009`=`2009-05`,`2010`=`2010-05`,`2011`=`2011-05`,`2012`

=`2012-05`,`2013`=`2013-05`,`2014`=`2014-05`,`2015`=`2015-05`,

`2016`=`2016-05`,`2017`=`2017-05`,`2018`=`2018-05`)%>%

filter(Metro%in%c(“Austin”,“Denver”,“Phoenix”,“Portland”,“SaltLake City”))%>%

gather(`2000`,`2001`,`2002`,`2003`,`2004`,`2005`,`2006`,`2007`,`2008`,

`2009`,`2010`,`2011`,`2012`,`2013`,`2014`,`2015`,`2016`,

`2017`,key=’YR’,value=’ZHVI’)%>%

group_by(Metro)%>%

19.Plotthedataasafacetplot.

dfHomeVals<-read_csv(“County_Zhvi_SingleFamilyResidence.

csv”,col_names=TRUE)

dfHomeVals%>%

select(RegionName,State,Metro,`2000`=`2000-05`,`2001`=

select(RegionName,State,Metro,`2000`=`2000-05`,`2001`=

select(RegionName,State,Metro,`2000`=`2000-05`,`2001`=05`,`2008`=

`2008-05`,`2009`=`2009-05`,`2010`=`2010-05`,`2011`=`2011-05`,`2012`

=`2012-05`,`2013`=`2013-05`,`2014`=`2014-05`,`2015`=`2015-05`,

`2016`=`2016-05`,`2017`=`2017-05`,`2018`=`2018-05`)%>%

filter(Metro%in%c(“Austin”,“Denver”,“Phoenix”,“Portland”,“SaltLake City”))%>%

gather(`2000`,`2001`,`2002`,`2003`,`2004`,`2005`,`2006`,`2007`,`2008`,

`2009`,`2010`,`2011`,`2012`,`2013`,`2014`,`2015`,`2016`,

`2017`,key=’YR’,value=’ZHVI’)%>%



group_by(Metro)%>%

ggplot(mapping=aes(x=YR,y=ZHVI))+geom_point()+facet_

wrap(~Metro)+geom_smooth(method=lm,se=TRUE)+ggtitle(“ZHVIby MetroArea”)+xlab(“Year”)+ylab(“ZHVI”)

20.Youcanalsocheckyourworkagainstthesolutionfile

CS2_Exercise4B.R.

21.Savethescriptandthenrunittoseetheoutputshowninthescreenshot below.

DataVisualizationandExplorationwithR

Today,datascienceisanindispensabletoolforanyorganization,allowingfor theanalysisandoptimizationofdecisionsandstrategy.Rhasbecomethe preferredsoftwarefordatascience,thankstoitsopensourcenature,simplicity, applicabilitytodataanalysis,andtheabundanceoflibrariesforanytypeof algorithm.

Thisbookwillallowthestudenttolearn,indetail,thefundamentalsoftheR

languageandadditionallymastersomeofthemostefficientlibrariesfordata visualizationinchart,graph,andmapformats.Thereaderwilllearnthe languageandapplicationsthroughexamplesandpractice.Nopriorprogramming skillsarerequired.

WebeginwiththeinstallationandconfigurationoftheRenvironmentthrough RStudio.Asyouprogressthroughtheexercisesinthishands-onbookyou’ll becomethoroughlyacquaintedwithR’sfeaturesandthepopulartidyverse package.Withthisbook,youwilllearnaboutthebasicconceptsofR

programming,workefficientlywithgraphs, charts,andmaps,andcreate publication-readydocumentsusingrealworlddata.Thedetailedstep-by-step instructionswillenableyoutogetacleansetofdata,produceengaging visualizations,andcreatereportsfortheresults.

Whatyouwilllearnhowtodointhisbook:


IntroductiontotheRprogramminglanguageandRStudio

Usingthetidyversepackagefordataloading,transformation,and visualization

GetatourofthemostimportantdatastructuresinR

Learntechniquesforimportingdata,manipulatingdata, 

performinganalysis,and

producingusefuldata

visualization

Datavisualizationtechniqueswithggplot2

Geographicvisualizationandmapswithggmap Turningyouranalysesintohighqualitydocuments,reports,and presentationswithRMarkdown. 

Handsoncasestudiesdesignedtoreplicaterealworldprojectsand reinforcetheknowledgeyoulearninthebook

Formoreinformationvisit geospatialtraining.com! 
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Install Packages

Install from: ?) Configuring Repositories
Repository (CRAN)
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/Library/Frameworks/R.framework/Versions/3.4/Resources/libi

v Install dependencies
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Environment  History = Connections |

% | 7 Import Dataset - & List ~
I} Global Environment ~

© df 439362 obs. of 14 variables
FID : int 123456182021 ... /
ORGANIZATI: Factor w/ 6 levels "BIA","BLM","BOR",..: 555 ..
UNIT : Factor w/ 160 levels "1","13230","13290",..: 127 127..
SUBUNIT : Factor w/ 434 levels " ","102","103",..: 283 283 ..
SUBUNIT2 : Factor w/ 463 levels "Alamosa National Wildlife ..
FIRENAME : Factor w/ 149644 levels " "," ALLEN CANYON",..: ..
CAUSE : Factor w/ 5 levels " ","Human","Natural",..: 2 2 2 ..
YEAR_ : int 2001 2002 2002 2001 1994 1994 1999 2003 2005 20..

STARTDATED: Factor w/ 12648 levels "","1/1/00 0:00",..: 3 7..
CONTRDATED: Factor w/ 12644 levels "","1/1/00 0:00",..: 3 7..
OUTDATED : Factor w/ 12605 levels "","1/1/00 0:00",..: 1 1 ..
STATE : Factor w/ 11 levels "Arizona","California",..: 2 2 ..

STATE_FIPS: int 66 66 666 666 ...
TOTALACRES: num 0.1 3 0.5 0.1 10.130.10.10.1 ...

© dfik 152 obs. of 3 variables
© df2 7019 obs. of 8 variables
© df25k 655 obs. of 14 variables
@ dfFires 439362 obs. of 14 variables
© dfFires2 439362 obs. of 3 variables
© dfFires3 439362 obs. of 4 variables
© dfReadr 439362 obs. of 14 variables

© dfYear 30372 obs. of 14 variables
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##STEp 1. Lreating a basemap

15 There are two basic steps to create a map with “ggmap’. The details are more complex than
these two steps might imply, but in general you just need to download the map raster and then
plot operational data on the basemap. Step 1 is to download the map raster, also known as
the basemap. This is accomplished using the “get_map()" function, which can be used to
create a basemap from Google, Stamen, Open Street Map, or CloudMade. You'll learn how to do
that in this step. In a future step you'll learn how to add and style operational data in
various ways.

16

17 1. First, load the libraries that we'll need for this exercise

18

19~ {r} z

20 library(ggplot2)

21 library(ggmap)

22 library(readr)

23 library(dplyr)

24

25 2. Create a variable called "mylLocation” and set it to ‘California’. Call the “get_map()"
function with a zoom level of 6, and plot the map using the “ggmap()" function, passing in a
reference to the variable returned by the "get_map()" function. The default map type is
Google Maps with a style of Terrain.

26

27> > {r} =z

28 mylocation = "California"

29 myMap = get_map(location = myfocation, zoom = 6)

B SRSV

97:1 [ Step 2"Adding Operational Data Layers * R Markdown *

Console  Terminal R Markdown =

@] .../Desktop/SpatialVisualizationR_ggmap.Rmd

California&sensor=false

output file: SpatialVisualizationR_ggmap.knit.md

/Applications/RStudio.app/Contents/Mac0S/pandoc/pandoc +RTS -K512m -RTS SpatialVisualizationR_ggmap
.utf8.md --to html4 --from markdown+autolink_bare_uris+ascii_identifiers+tex_math_single_backslash
--output SpatialVisualizationR_ggmap.html --smart --email-obfuscation none --self-contained --stand
alone --section-divs --template /Library/Frameworks/R.framework/Versions/3.4/Resources/library/rmar
kdown/rmd/h/default.html --no-highlight --variable highlightjs=1 --variable 'theme:bootstrap' --inc
lude-in-header /var/folders/t9/65sd@j510h5803q_77gf88r000dgn/T//RtmpmIXulH/rmarkdown-strieb231e842

83.html --mathjax --variable 'mathjax-url:https://mathjax.rstudio.com/latest/Mathlax.js?config=TeX-
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| R data sets

=0

Data sets in package ‘datasets’:

AirPassengers

BJsales
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ChickWeight

DNase

EuStockMarkets
Indices,

Formaldehyde

Console  Terminal

~/Desktop/IntroR/Data

> dataQ)
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Monthly Airline Passenger Numbers 1949-1960
Sales Data with Leading Indicator

Sales Data with Leading Indicator

Biochemical Oxygen Demand

Carbon Dioxide Uptake in Grass Plants

Weight versus age of chicks on different diets
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Daily Closing Prices of Major European Stock

1991-1998
Determination of Formaldehyde

=0





index-220_1.jpg
Home Values

Single Family Homes Values Have Increased in the Austin Metro Area

.
.
36405~
.
. .
o
1 .
.
1 . I i RegionName
. = o il . © Bastrop
26405 - « ® A © Caldwell
. .
e U O | A i Hays
ey Ty e o 3 & ° ® Travis
. . W ° L
S H 1 = Williamson
L] L '
- L v ¥ ®
- B
- . L A
.
.
.
. . s ° o .
. 1 . ° 1 . .
16405~ ' « s« ° T
L] G L
. .
.
U SRR L e

1996 1997 1998 1939 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018
Year





index-54_1.jpg
——= Communicate





index-147_1.jpg
lat

42-

391

36 -

334

:
124

3

e
s

%cramem ol
]

s O

i
-120
lon

Lon

X
p 5 ]
]

-v.ga? 02
San °i R‘ > ’9 _!
leusnu’ ;

Map data ©2018 Google, INEGI
0

-116

DECADE
© 1980-1989

® 1990-1999
2000-2009
2010-2016

TOTALACRES





cover_image.jpg
. o

~Visualization and®

Exploration with
R A Practical






index-131_1.jpg
log(totalacres)

Arizona
15.0-
.
.
125- o~ °
3 .
10.0- - °°
. .
7.5-
50-
Montana
15.0-
s ce 0 o
125- | o . D ]
St . D
=t s o
100- Ser®se =
.
o o
75
50-
Utah
15.0-
. .
125-
o
<
100- o . o @
7.5-
0=, . .
1980 1990 2000 2010

1980

California

Washington

% %
> e o

2000 2010

1990

1080
YEAR_

Colorado

New Mexico

2000

1990

2010

1980

1990

2000

2010





index-210_1.jpg
300-

.
3 Legend
Z First Fi
%5 200- irst Fire
% B Last Fire
a

100 -

1980 1990 2000 2010
Year





index-148_1.jpg
Acres

(@)

Del Sur Lancaster

DECADE
@ 1980-1989
® 1990-1999
© 2000-2009
344 © 2010-2016

TOTALACRES

A% woobaNg”
LS’

Beverly Hills i

Los Anaeles /.

) Map nllPZQN Google
-118.4 -118.2





index-4_1.jpg
», A A
‘»‘ GeoSpatial

v Training SeMces






index-24_1.jpg
Console  Terminal =

~/ Desktop/ R Natural Resources/ Data/

------ e

v tidyr 0.8.0 v stringr 1 3 0
v ggplot2 2.2.1 v forcats 0.3.0
— Conflicts tidyverse_conflicts() —

® dplyr::filter() masks stats:
% dplyr::lagQ masks stats:

:filterQ)
:1lagO

> df = read_csv("StudyArea.csv", col_types = 1ist(UNIT = col_character()), col_names = TRUE)
Warning message:

The following named parsers don't match the column names: UNIT

>

> df = read_csv("StudyArea.csv", col_types = 1ist(UNIT = col_character()), col_names = TRUE)
Warning message:

The following named parsers don't match the column names: UNIT

> setwd("~/Desktop/R_NaturalResources/Data")

> df = read_csv("StudyArea.csv", col_types = 1ist(UNIT = col_character()), col_names = TRUE)

> View(df)
>
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Console  Terminal

~/Desktop/IntroR/Data/

> myName = "Eric"

> myName

[ *Eriec"

> myname

Error: object 'myname' not found
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Creating Maps with R

Eric Pimpler
7/18/2018

The ggmap package enables the visualization of spatial data and spatial statistics in a map format using the layered approach of ggplot2 . This
package also includes basemaps that give your visualizations context including Google Maps, Open Street Map, Stamen Maps, and CloudMade
maps. In addition, utility functions are provided for accessing various Google services including Geocoding, Distance Matrix, and Directions.

The ggmap package is based on ggplot2 , which means it will take a layered approach and will consist of the same five components found in
ggplot2 . These include a default dataset with aesthetic mappings where x is longitude, y is latitude, and the coordinate system is fixed to
Mercator. Other components include one or more layers defined with a geometric object and statistical transformation, a scale for each aesthetic
mapping, coordinate system, and facet specification. Because ggmap is built on ggplot2 it has access to the full range of ggplot2
functionality.

In this exercise you'll learn how to use the ggmap package to plot various types of spatial visualizations.

Step 1: Creating a Basemap

There are two basic steps to create a map with ggmap . The details are more complex than these two steps might imply, but in general you just
need to download the map raster and then plot operational data on the basemap. Step 1 is to download the map raster, also known as the
basemap. This is accomplished using the get_map() function, which can be used to create a basemap from Google, Stamen, Open Street Map,
or CloudMade. You'll learn how to do that in this step. In a future step you'll learn how to add and style operational data in various ways.

1. First, load the libraries that we'll need for this exercise

library(ggplot2)
library(ggmap)
library(readr)

library(dplyr)

##
## Attaching package: 'dplyr'

## The following objects are masked from 'package:stats':
##
## filter, lag
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## R Markdown

This is an R Markdown document. Markdown is a simple formatting syntax for authoring HTML,
PDF, and MS Word documents. For more details on using R Markdown see
<http://rmarkdown.rstudio.com>]

When you click the **Knit** button a document will be generated that includes both content as
well as the output of any embedded R code chunks within the document. You can embed an R code

chunk like this:
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New R Markdown

|| Document
TJ Presentation
R Shiny

= From Template

Title: Untitled

Author: Eric Pimpler

Default Output Format:

© HTML

Recommended format for authoring (you can switch to
PDF or Word output anytime).

) PDF

PDF output requires TeX (MiKTeX on Windows, MacTeX
2013+ on OS X, TeX Live 2013+ on Linux).

~ Word

Previewing Word documents requires an installation of
MS Word (or Libre/Open Office on Linux).

OK Cancel
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@ | Chapter8_2.R © '] Chapter8_3.R © | Chapter8_4.R @] Chapter8_5.R @ | Chapter8_6.R Q)Chay M

3 Source on Save = / - ®Run | % | [ PSource ~ | =
df = read_csv("StudyArea.csv", col_types = list(UNIT = col_character()), col_names = TRUE)
#steps 1-3
df %%

select(ORGANIZATI, STATE, YEAR_, TOTALACRES, CAUSE) %>%

filter(TOTALACRES >= 1000) %>%

ggplot() + geom_histogram(mapping = aes(x=TOTALACRES), binwidth=500)

#step 4
df %%
count(cut_width(TOTALACRES, 500))

©CONOUIAWN R

(=
S

b7 4 (Top Level) = R Script +
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> StudyArea <- read_csv("StudyArea.csv")
Parsed with column specification:
cols(
.default = col_character(),
FID = col_integer(),
SPECCAUSE = col_integer(),
STATCAUSE = col_integer(),
FIRETYPE = col_integer(),
YEAR_ = col_integer(),
STATE_FIPS = col_integer(),
DLATITUDE = col_double(),
DLONGITUDE = col_doubleQ),
TOTALACRES = col_double(Q),
TRPGENCAUS = col_integer(),
TRPSPECCAU = col_integer()
)

See spec(...) for full column specifications.
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title: "Creating Maps with R"
author: "Eric Pimpler"

date: "7/18/2018"

output: pdf_document

***{r setup, include=FALSE} »
knitr::opts_chunk$set(echo = TRUE)

## R Markdown

This is an R Markdown document. Markdown is a simple formatting syntax for authoring HTML,
PDF, and MS Word documents. For more details on using R Markdown see
<http://rmarkdown.rstudio.com>.

When you click the **Knit** button a document will be generated that includes both content as
well as the output of any embedded R code chunks within the document. You can embed an R code
chunk like this:

**{r cars} = )
summary(cars)

## Including Plots

You can also embed plots, for example:

***{r pressure, echo=FALSE} patt | 8

plot(pressure)

Note that the “echo = FALSE® parameter was added to the code chunk to prevent printing of the
R code that generated the plot.
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Log of Total Acres Burned

Acreage Burned by Wildfires Has Increased In the Past Few Decades
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Import Text Data

File/Url:

|

Data Preview:

Import Options: Code Preview: [u]
library(readr)

ame: [ @ristrowashames oot (commt [B Escper tows 01 || om0 >

skip: [ o] (4/Trim Spaces Quotes:  Default  ©  Comment: Detaut [ | | View(dataset)

7 OpenData Viewer  Locale:  Configure.. | NA: oetat B
% Reading rectangular data using readr ( import Cancel
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_country | 1999 2000 _

Afghanistan 745 2666
Brazil 37737 80488
China 212258 213766
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R Console

Map from URL : http://maps.googleapis.com/maps/api/staticmap?
center=California&zoom=6&size=640x640&scale=2&maptype=terrain&language=en-EN&sensor=false

Information from URL : http://maps.googleapis.com/maps/api/geocode/json?

address=California&sensor=false
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Acreage Burned by Wildfires Has Increased In the Past Few Decades
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Console  Terminal

~/Desktop/IntroR/Data/
> x <- 10

>y =20
>zZ=X+Y
>z

[1] 30

>
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title: "Creating Maps with R"

author: "Eric Pimpler"

date: "7/18/2018" 1.

output: html_document 2.
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Import Text Data.

File/Url:
~/Desktop/IntroR /Data/StudyArea.csv Browse...
Data Preview:
FD ORGANIZATI FIRENAME FIRENUMBER FIRECODE cause SPECCAUSE STATCAUSE SizeCLASs FIRETYPE
Gntegen) (character) (character) (ntegen) (character) (character) ~ Gntegen) (integer) (character) Gntegen)
1603 FwS BIG BERTHA 2041 2081 Human 00 ¢ 1
1605 Fws MORMON 2043 2043 Human 0 0 I 1
1608 FWs NORTH 2048 2048 Human 0 0 F 1
1647 FWS Yewow 2357 2357 Human 00 F 1
1668 FWs aus 2493 2493 Human 10 0 [ 1
1673 Fws Lane 2550 2550 Human 10 0 F 1
1675 WS Ty HAL 2564 2564 Human 300 [ 1
1677 WS cmvhaLL2 2572 2572 Human 10 0 G 1
1680 Fws iy HALL 2578 2578 Human 00 G 1
1682 FWS cumero 2612 2612 Natural 0 0 F 1
1707 Fws HipPY 2718 2718 Human 300 ¢ 1
1708 Fws SAsABE 2720 2720 Human 30 0 f 1
Previewing first 50 entries.
Import Options: Code Preview: (]
i Library(readr)
Name: | StudyArea /FirstRow as Names  Delimiter: Comma [ Escape:  None S StudyArea <- read_csv("StudyArea.csv™)
sap: | o @ Trim Spaces Quotes:  Defoul ©  Comment Defaur  [J | | View(StudyArea)
/)Open Data Viewer  ocale: Configure. NA: petautt [
% Reading rectangular data using readr een Cancel
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~{r error=TRUE, warning=TRUE, message=TRUE}
myLocation = "California"

myMap = get_map(location = myLocation, zoom = 6)
ggmap (myMap)

R Console

lat

»
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2011
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29708599
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83751
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41656879
2875581
55320
95719
22340024
8391643
9173082
9043508

2012
102577
30696958
25096150
2900401
82431
373306993
8900453
42096739
2881922
55230
96777
22742475
8429991
9295784
9319710

2013
103187
31731688
25998340
2895092
80788
381702086
9006263
42539925
2893509
55307
97824
23145901
8479823
9416801
9600186

2014
103795
32758020
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79223
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55437
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8546356
9535079
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2015
104341
33736494
27859305
2880703
78014
398304960
9154302
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2916950
55537
99923
23850784
8642699
9649341
10199270

2016
104822
34656032
28813463
2876101
77281
406452690
9269612
43847430
2924816
55599
100963
24210809
8736668
9757812
10524117

2017
105264
35530081
29784193
2873457
76965
414491886
9400145
44271041
2930450
55641
102012
24598933
8809212
9862429
10864245
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STATE
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Console  Terminal

~/Desktop/IntroR/Data/

> x <- 10
>
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3. Now let's do something a little more interesting. First, use the “dplyr’ “mutate()"
function to group the fires by decade.

et =z »
df = mutate(df, DECADE = ifelse(YEAR_ %in% 1980:1989, "1980-1989", ifelse(YEAR_ %in%
1990:1999, "1990-1999", ifelse(YEAR_ %in% 2000:2009, "2000-2009", ifelse(YEAR_ %in%
2010:2016, "2010-2016", "-99")))))

4. Next, color code the wildfires by "DECADE" and create a graduated symbol map based on
the size of each fire. The “colour’ property defines the column to use for grouping, and the
“size” property defines the column to use for the size of each symbol.

***{r warning=FALSE, error=FALSE, message=FALSE} =)
ggmap(myMap) + geom_point(data=df, aes(x = DLONGITUDE, y = DLATITUDE, colour= DECADE, size =
TOTALACRES))

»
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~/Desktop/IntroR/Data/ ~
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> data()

> data("USArrests")

> USArrests
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title: "Creating Maps with R"
author: "Eric Pimpler"

date: "7/18/2018"

output: pdf_document
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Environment History Connections -

& H +ToConsole | =#ToSource @ &
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df %%

filter(TOTALACRES >= 1000) %>%

ggplot() + geom_hex(mapping = aes(x=YEAR_, y=TOTALACRES))
source('~/Desktop/R_NaturalResources/Solutions/Chapter8_6.R', echo..
source('~/Desktop/R_NaturalResources/Solutions/Chapter8_6.R", echo..
source('~/Desktop/R_NaturalResources/Solutions/Chapter8_6.R', echo..
df = read_csv("StudyArea.csv", col_types = list(UNIT = col_charact..
source('~/Desktop/R_NaturalResources/Solutions/Chapter8_6.R', echo..
source('~/Desktop/R_NaturalResources/Solutions/Chapter8_6.R', echo..
median(df$TOTALACRES)

summary(df$TOTALACRES)

df = read.table("StudyArea.csv", header = TRUE)

df = read.table("StudyArea.csv", sep=",", header = TRUE)

df = read.table("StudyArea.csv", header=TRUE, fill=TRUE, sep=",")
df = read.table("StudyArea.csv", header=TRUE, fill=TRUE, quote="",..
df = read.csv("StudyArea.csv")

df2 = read.table("all_genes_pombase.txt", header=TRUE, sep="\t", q.
df2 = read.table("all_genes_pombase.txt", header=TRUE, sep="\t", g..
dfReadr = read_csv("StudyArea.csv", col_types = cols(.default = "c..
dfReadr = read_csv("StudyArea.csv", col_names = TRUE)
problems(dfReadr)

dfReadr = read_csv("StudyArea.csv", col_types = 1ist(UNIT = col_ch..
head(dfReadr)

View(df)

View(df1lk)

View(df)
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11 AL 1 19 1019 Alabama-Cherokee County
12 AL 1 21 1021 Alabama-Chilton County
13 AL 1 23 1023 Alabama-Choctaw County
14 AL 1 25 1025 Alabama-Clarke County
15 AL 1 27 1027 Alabama-Clay County

16 AL 1 29 1029 Alabama-Cleburne County
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> print(z)
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title: "Creating Maps with R"
author: "Eric Pimpler"
date: "7/18/2018"
output: html_document
params:
state: 'California’
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myMap = get_map(location
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***{r pressure, echo=FALSE}
plot(pressure)
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