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1 Why Derive DecisionRules?

1.1 DecisionSupport SystemgDSS)

Theproductionandavailability of decisionsupportsystemgDSS)asaidsin applyingor using
diseaseontrolmethodshave becomecommonin contemporaragriculture perhaps$ecause
it hasbecomeeasierto obtain and processhe datathat are neededo provide this kind of
advice. Anotherfactoraffectingadoptionof DSSis the ability to reachlarge audiencesvith
relatively little effort. While increasedwailability of thiskind of informationis undoubtedlya
bene t for mostusersthequality of suchinformationshouldbesufcient to allow maximiza-
tion of theeconomicandenvironmentalbene tsthatcanresultfrom the useof suchsystems.
Thus, otherways of developmentof suchsystemscould be useful. In addition, clearand
objectve methodsare neededo evaluateand comparedifferentDSS, althoughthe ultimate
criterionis adoptionby the end-users.

While we tendto think of DSS as somethingnew, possibly connectedvith computers
andthe Internet,the conceptof predictingdiseasesndpestspredatesomputers.The Mills
rulesfor predictingapplescab(14) arean exampleof predictionrules(or risk algorithmsas
they will bereferredto herein)thatexistedlong beforethe Internet. Otherearly setsof deci-
sionrulesincludethosethatwereusedto predictpotatolate blight, causedy Phytophthoa
infestang(9), and Alternarialeaf blight of carrots,causedoy Alternaria dauci (5). In these
examples,usersaregivena numberof questiongelatedto diseasalevelopmentor risk, and
dependingpntheanswersanumberof risk 'points' arecalculatedIf thesumof thesépoints'
exceedsa pre-determinedhresholdthensomesortof diseasentervention(oftenin theform
of pesticideapplication)is recommended.

Wheredo theserisk algorithmscomefrom? Experienceand subjectve judgment,cou-
pled with revision basedon the performanceof the rules,is oneway in which they canbe
developed.This canbealengthyprocessFor example,20 yearsof experiencevererequired
for the publicationof the Mills applescabrules (10). Other problemsinclude geographic
speci city, variationsin hostplantresistancegr changesn climatic conditions.

If suitabledatasetsareavailable,logistic regressiorprovidesaway to verify andcalibrate
risk algorithms.Thisis onemethodby which cateyoricaloutcomegthe dependentariableg
canberelatedto a variety of differentindependentariableswhetherthesearecontinuousor
catgyoricalin nature.While plantdiseaseepidemiologistdik e to think in quantitatve terms
with respecto diseasefarmersareoftenmoreinterestedn qualitatve outcomessuchasthe
needto apply a fungicide. Reformulatingthe questionfrom How mud diseasewill occur?,
with a quantitatve answeyto a questionlike Shouldl spray my eld?, with a qualitatve an-
swerentailsuseof differenttechniqueshatarecoveredhere. The rst partof thefollowing
article givesa brief introductionto generalizedinear models,how logistic regressiorrepre-
sentonetypeof suchamodel,andhow to programtheseanalysesisingSAS. Thereareother
waysto derive thesealgorithms but they arent coveredhere.

A relatedissueis how one can judge the performanceof the risk algorithm. If these
systemsare not perfect, there are differenttypesof errorsthat canbe made. The use of
receveroperatingcharacteristicurves(ROC curves)is oneway of graphicallyexaminingthe
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differenttypesof errors. This methodalsoprovidesa way by which differentrisk algorithms
can be compared. The useof ROC curwesis presentedn the secondpart of this article.
Finally, therelationshipof the performanceof therisk algorithm(in termsof speci city and
sensitvity) andthe probability of diseasas determinedby a numberof factors,but Bayess
theoremprovidesa methodto derive this relationship.The useof Bayess theoremin disease
is presentedn thethird partof this article. For eachsection,sampleSAS programsanddata
setsarealsoavailable.
This materialis presentedn two forms.

For on-linereadingwith a browserit canbeviewedhereat
http://www.apsnet.ag/education/AdancedPlant&h/Topics/DDR/lorg.htm

A pdf versionthatwill facilitate saving and corvenientand consistenprinting of the
entiredocument.

The SASprogramsanddata les areavailableasa separatarchve, or canbeloadedindivid-
ually via theon-linehtml version.

1.2 Further Reading

An introductorytext on plant diseaseepidemiology(2) can provide additionalbackground
on diseasdorecasting. Many of the methodsusedin this article can be tracedto clinical
epidemiologywhich is a branchof medicine,andanintroductionto this eld (16) couldbe
usefulbackground.An early article on the useof thesemedicaltechniquesn plantdisease
forecasting21) is ashorterintroductionto this material.
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2 An Intr oduction to GeneralLinear Models

Generalized.inear Models (12), hereabbreriatedas GLM (not to be confusedwith proc

glm in SASwhichwe will usebrie y) is aconcepthatuni es mary differenttypesof statis-
tical models.Thesemodelsinclude:

t tests

Analysisof Variance
Multiple Regression
Analysisof Covariance
Logistic Regression
PoissorRegression
Analysisof Dilution Assays

ProbitAnalysis

2.1 Componentsof a GLM
A GLM hassereralcomponentsTheseare:
RandomComponent: This concernghedependentariable,andwe allow for adiscrepang

betweerobsenedand'true' (undoubtedlyunknovn) values.Traditionallytheobsened
valuesof thedependentariablearedenotedoy y.

SystematicComponent: Theindependentariables Covariategusuallydenotedoy x; ) and
their unknovn parametergusuallydenotedoy ).

The productof eachcovariateand its parameteiare summed. Assumingwe have p
covariates:

X1 1+ X2 2 pr

Mathematicallyit is oftenwrittenlik e this

Within the contet of a GLM, this is oftenreferredto asthelinear predictor(LP), and
is referredto with the Greekletter , pronounceckta Thus,
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but | will generallyreferto it asthelinearpredictor

Link: A link betweenthe systematiccomponentndthe dependenvariable. This canbe
(in simplecaseshnidentity function (=), wherethe systematicomponen{including
the independenvariables)is equalto the dependenvariablesplus the error speci ed
by the randomcomponent.n otherGLM's, this link canbe someothermathematical

function, suchaslogarithm,logit, or complementaryog-log (CLL). Thelink is often
referredto asg.

Tablel lists someof thecommontypesof GLM's. Traditionally, t-testsandANOVA were
consideredo bedifferentfrom multiple regressionput the only differenceis thattheformer
usecategyoricalindependentariablesandthelatterusescontinuousrariables.Thisdistinction
is discardedvithin the GLM-concept.

Analysis RandomPart Systematidart Link
t tests Normal Catgyorical Identity
ANOVA Normal Categyorical Identity
Multiple Reg Normal Continuous Identity
Analysisof Cov Normal Cat.& Cont. Identity
LogisticRegy Binomial Cat. & Cont. Logit
PoissorRey Poisson  Cat.& Cont. Log
Dilution Assays Binomial Cat.& Cont. CLL
ProbitAnalysis Binomial Cat.& Cont.  Probit

Tablel: Structureof SomeCommonGeneralLinear Models.

2.2 A SimpleGLM

A corventionalt-testcanbeformulatedasa GLM. We obsene a seriesof valuesfrom oneof
two groups.We assumehatthesearetheresultof arandomvariableandatrue meanfor each
of the two groups. It is assumedhattheserandomvariablesareindependentandthat they
have anormaldistribution with meanzero.

In thesystematicomponentywe canassigrnobsenationsto oneof two groups.To dorthis,
we useindicatorvariables(which cantake the valueof 0 or 1) to assigngroupmembership
to eachobsenation. For a t-testthe randomand systematigartsof the GLM are coupled
togethemwith theidentity function.
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2.3 A numeric exampleof a simple GLM

Herewewill useSASproc glm to t somesimpleGLM's. Thisproceduraisesanidentity
link functionwith normallydistributederrorsanduses least-squarego estimatethe param-
eters. The SAS programis presentn the le dagis.sas andwill be shovn herein Courier
text:

Like this

while my commentsappeaiin this font.
All SAS programlines endwith a semicolon,and SAS ignoreslines that begin with an
asterisk.Thus,thefollowing line doesnothingbut supplyuswith information.

* simple linear  regression;

The next line givesus someprinting options. I'll eliminatethis materialin the future
listings,thoughthey will be presenin theprogram les.

options  linesize=75 pagesize = 64;

SASworkswith datasetswhich have to begivennamesHerewe createa datasetcalled
dagis,andread4 variablesdirectly into it with the cardsstatement.The four variablesare
sex (acharactewvariable),wt, height,andones.The variableonestakesthevalueof 1 for all
obsenations. Dataarearrangedn arectangulamatrix, with obserationscorrespondindo
therows, anddifferentvariablesn eachcolumn.

data dagis;
input sex $ wt height ones;
cards;
M 17 110
M 15 105
M 12 100
F 15 104
F 16 106
F 14 102
run;

PR R RPRRE

Thenext portionof SAScodeusesproc  gplot  to producesomegraphs:

proc gplot;
plot height*wt;
plot  wt*height;
run;
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The next two statements alinearmodelor GLM. In the rst, thedependenvariableis
height,andtheindependenvariableis wt. Thisis reversedn the secondnodel. This pattern
(thedependentariablefollowedby the = sign,andthentheindependentariables)s onewe
will seein proc genmod. Notethatbothheightandweightarecontinuousvariables.

proc glm;
model height = wit;
run;

We canalsot aGLM with wt asthedependenvariableandheightasthe LP.

proc glm;
model wt = height;
run;

The next modelusesthe class statemento createindicatorvariablesfor sex, because
thisis a categoricalvariable. Theseindicatorvariablesarethenusedastheindependentari-
ablesin themodel. If we wantto seethe actualparameteestimategor eachof theindicator
variableswe needto givethesolution  optionafterthe'/' in themodel statement.

proc glm;
class sex;
model wt = sex /solution;
means Sex;

run;

SASproc glm ts (by default) anintercepttermin all models. This canbe replaced
by our variable'ones’, andthe interceptterm provided by SAS is removed with the noint
option.

proc glm;
class sex;
model wt = ones sex /noint solution;
means Sex;

run;

The information provided by the indicator variablestogetherwith the intercepttermis
overlapping(aliased).SAS eliminatesone of thesevariables.In thetwo previous examples,
thealiasedvariableremovedwasthelastone(i.e. theindicatorvariablethatwasequalto one
whensex was'M’). Thisis only oneway (of mary possibleways)to dealwith the aliasing.
If we remove theinterceptto avoid aliasing,the model t is the same but the parametersire
different.In the rst two exampleswith theinterceptterm,theinterceptparameterepresents
the weight of the boys, andthe parameteestimatefor the girls is the differencebetweenhe
weightof thegirls andtheboys.
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proc glm;
class sex;
model wt = sex /noint solution;
means Sex;

run;

Without the interceptterm, the regressionparametergor the indicatorvariablescreated
for sex representhe averageweightof the boys andthe averageweightof thegirls.

Modelscanalsocombinebothcontinuousrariablesandtheindicatorvariablescreatedoy
theclass statementlnterpretatiorof the parameterfrom thesemodelsis takenup later.

proc glm;

class sex;

model wt = height sex /solution;
run;

In this model,we assumean effect of heighton weight,andaneffect of sex onweight.

proc glm;

class sex;

model wt = height sex sex*height /solution;
run;

In the previous model, we can also examine an interactionbetweensex and heightin
additionto the effect of heightandsex.

proc glm;

class sex;

model wt = sex sex*height /noint  solution;
run;

The nal modelis exactly the sameastheonebefore(aneffect of sex, aneffectof height,
and an interactionbetweenthem), but we calculatethe parameterglifferently, so that we
obtaintheinterceptandslopeof the two lines predictingweightasa function of height,one
for theboys andonefor thegirls.
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3 Unconditional Logistic Regression

Unconditionallogistic regression(often referredto aslogistic regression)is alsodonewith
a GLM, but using a differentlink function and differenterrors. In this case,the outcome
consistf the numberof successethatresultedirom a givennumberof trials. For example,
we may ip acoin 25 timesand notethe numberof timesit shavs heads Assumethat it
comesup headsl4 times. Thenumberof trialsin this cases 25, andthe numberof successes
14. Sincetheoutcomes a proportion,we canusethe binomialerrordistributionin our GLM.
The systematiccomponentcan be a mixture of cateyorical or continuousvariables. They
musthave alinear relationshipo eachother but thatis trueof all linearpredictors.In logistic
regressionywe usethelogit (logistic transformationjpsthelink function.

Wede ne

: _ y
logt(y) = In 1y

Plantpathologistsanddiseaseepidemiologistwill recognizethe logistic transformation.
For a compoundnterestdiseasea plot of the the logit transformedliseasegroportionover
time approximates straightline, theslopeof whichis the parameter, theappareninfection
rate (19). Logistic regressioncanbe usedto calculater if diseasancidenceis the measure
andyou know numbersof plants(notjust proportionsor percent).

In logisticregressionye thereforerelatethelogit of the proportionto thelinearpredictor
Thediscrepanciebetweertheobseredproportionof eventsandthetrue proportionof events
is accountedor by allowing the predictedproportionto have a binomialerrordistribution.

Figurel givesagraphicalrepresentatioof thelogistic transformationEquippedwith the
logit (equationl), you caneasilycalculatethe proportion(equation?). Notethatthelogit of
zeroor oneis notde ned.

y=In— (equationl)

= (equation?)

p:
1+e 1+ 3

In practice,we canno longeruseleast-squarefhe techniqueusedin proc glm and
proc anova ) to estimatethe logistic models. Most moderntechniquesely on a numer
ical solution,wherethe initial estimatesare continuallyre ned until they canbe no longer
improved (i.e. maximizethe likelihood). The examplespresentedhereare basedon proc
genmod in SAS, which is muchlike the original programGLIM (4) originally written to
estimateghesegeneralinearmodels.

Proc genmod usesatechniquecalledNewton-Raphsorio maximizethe lik elihoodof
theregressiorparametergthe 'sin the LP), giventhe datathatwereobsenred. This likeli-
hood maximizationis akin to climbing a hill, wherea hiker canestimatethe positionof the
top of the hill giventhe slopeandhow curvedthe surfaceis. This techniquealsocalculates
the'curviness'of thelik elihoodsurface,andthis informationis usedto calculatethe standard
errorof theestimates.
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A likelihood curve might look like gure 2, which is from a casecontrol examplepre-

sentedby Ahlbom (1).

3.1 A Numeric Example

Logistic regressiorcanbe usedto analyzecontingeng tabledatathatcomparethe prediction
of diseasawith theactualoutcome.Supposehatthe dataarearrangedasin table2.

Truestatus

Diseased
Not Diseased

Total

Predictor
Spray Don't Spray Total
A B A+B
C D C+D
A+C B+D A+B+C+D

Table2: A 2 x 2 tablewith predictionsandactualoutcomes.

Onemeasureghat could be usedto evaluatethesedatais the oddsratio. This would be
the oddsof diseaseccurringin the elds wherea sprayis predictedcomparedo the oddsof
diseaseccurringin the elds wherethespraysarenot predicted.This would becalculatedas

oo
L

o|w|o|>

Figurel: Proportion'p’ asafunctionof logit(p).
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LL

-234.11 A

-252.09 A

-270.07 A

-288.06 -
0.00

Figure2: Likelihoodsurface,with the logarithmof the likelihood(LL) plottedasa function
of theregressiorparameteestimate80 andB1.

or

AD
BC

usingtheinformationpresentedn table2.

This is alsothe methodusedfor case/controstudiesin humanepidemiology A detailed
descriptionof the rationalebehindcase/controstudiess outsidethe scopeof this article, but
in the calculationof the oddsratio, the unequalsamplingof casesand controlsappearsn
both the numeratorandthe denominatarandis thuscancelledout. For furtherinformation
speci cally onthesetypesof studiesanintroductorytextbookin humandiseasepidemiology
suchasAhlbom'stext (1), or HosmerandLemeshav (6) would be a goodstartingpoint.

We canusethe datapresentedby Joneq8) ontheuseof diseaseéncidenceatgrowth stage
30 to predictthe pro tability of a fungicide application,wherean applicationwas recom-
mendedf morethan20%of thetillers wereinfected.The datawerearrangedn a2 x 2 table
(table3).

Thesedatawould have anoddsratio (OR) of

(28)(7) _ ...
03] 1:5:

A simpleexampleof sucha datasetmight be onewhereeachline consistsf information
onasingle eld. If we choosethis arrangementthenthe data le would have 58 lines. The

(equation3)
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rst 28lines(representingell A) mightlook lik e this:
1 dis_pred

wherethe 1 representshe true status(a treatmentwasjusti ed) anddis_predrepresents
exceeding20%i infectedtillers at GS 30.
Thiswould befollowedby 13lines(cell B) likethis:

1 nod_pred
Cell C would berepresentedly 10 lineslike this:
0 dis_pred
andcell D would be7 lineslikethis:
0 nod_pred
Thedatale couldbereadin likethis,assuminghedata le is called'eyespot.dat'.

data eyespot;

infile ‘eyespot.dat’;
input  true_d dis20 $ ;
atrisk=1,;

run;

Thiswouldreadin thetwo variablesandcreateathird, calledatrisk,whichis alwaysequal
to one. We usethis asthe denominatoiin the regression.We canperformthe regressiorby
invokingproc genmaod.

proc genmod;
class dis20;

model true_d/atrisk = dis20/link=logit error=binomial;
run;
predictor
apply treat- withhold total
ment treatment
Truesta- treatment 28 13 41
tus justi ed
treatment 10 7 17
notjusti ed

Table3: Eyespotpredictor
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In proc genmod we mustspecifya link functionandan error distribution, which for
logistic regressionare logit and binomial, respectrely. The dependentariableconsistsof
two partsfor logistic regression.The rst is the outcomevariable(trued in this case),and
the otheris the numberof trials. Sinceeach eld represents trial in this dataset,thisis the
variableatrisk, which is alwaysequalto one. The classstatements usedwith the variable
dis20to createindicator variables. SAS sortsvariablesin alphabeticabrder andthusthe
nod predgroupbecomeshereferencegroup.

The le eyespot.daandthe SASprogramsimplesasshouldbeavailablefor youto try this
regressioryourself.Outputfrom the programsimplesasis presentedn gure 3.

The rst sectionpresentsa summaryof thetypeof modelthatis being tted, followedby
informationon the classvariables.Variousmeasuresf goodnes®f t comenext, followed
by parameteestimates.One canseethat the estimatefor dis20whenit takesthe value of
dis_predis 0.4106.Thisis thenaturallogarithmof theoddsof diseas@&xceedingheeconomic
thresholdin those elds wherediseasavaspredicted comparedo the oddsof diseasen the
elds wherediseasavasnot predicted As would be expected,

eO:4106 = 1:50

whichis the sameaswhatwe getfrom calculatingthe oddsratio by hand.(equation3).
The oddsof diseasexceedinghe economiahresholdfor those elds wheretherewasno
predictionof diseases

13
— = 1:857
7

This numbercanalsobe foundin the SAS outputasasthe interceptterm, althoughthe
numberpresenteds the naturallogarithm,i.e.

6190 = 1:857

3.2 Another Numeric Example of Logistic Regression

In thisexamplefrom abookfor ecologisty3), thedataaregroupedsothatwe have anumber
of trials, anda numberfor the outcomeon eachline. In addition,we needthe independent
variable.Thiswasanexperimentwhereapproximatelyl0 insectsvereplacedin petridishes,
and exposedto varying levels of a chemical. After a x ed period of time, the numberof
insectskilled by thechemicalwerecounted.

Herewe readthe le dishes.datindhave the variablesdose(a continuousvariable),the
numberof deadinsectythedependentariable)andthevariableinitial (thenumberof insects
placedin eachdish). In additionwe createa seconddependentariableby calculatingthe
naturallogarithmof dose.

Thedata le dishes.dats anordinarytext le thatlookslikethis:

1 2 40
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The SAS System 1
14:03 Wednesday, October 2, 2002

The GENMOD Procedure

Model Information

Data Set WORK.EYESPOT
Distribution Binomial
'GeneraI.ModeI Link Function Logit
information Response Variable (Events) true_d
Response Variable (Trials) atrisk
Observations Used 58
Number Of Events 41
Number Of Trials 58
Class Level Information
Class Levels Values
dis20 2 dis_pred nod_pred
Criteria For Assessing Goodness Of Fit
Criterion DF Value Value/DF
Goodness Deviance 56 69.6993 1.2446
of fit Scaled Deviance 56 69.6993 1.2446
Pearson Chi Square 56 58.0000 1.0357
Scaled Pearson X2 56 58.0000 1.0357
Log Likelihood 34.8496

Important Estimates and standard errors

Algorithm converged.

Analysis Of Parameter Estimates

Standard Wald 95% Confidence  Chi
Parameter DF Estimate  Error Limits Square
Intercept 1 0.6190 0.4688 0.2998 1.5379 1.74
dis20 dis_pred 1 0.4106 0.5962 0.7 15792 0.47
dis20 nod_pred 0 0.0000 0.0000 0.0000 S
Scale 0 1.0000 0.0000 1.0000 1.0000
Analysis Of Parameter Estimates
Parameter Pr > ChiSq
Intercept 0.1867
dis20 dis_pred 0.4911
dis20 nod_pred
Scale

This value represents the log(odds of disease in the fields where
disease was predicted divided by the odds of disease in the fielc
where disease was not predicted)

NOTE: The scale parameter was held fixed.

Intercept (0.6190) = log(odds of disease when no disease was predicted)

Figure3: Outputfrom a simplelogistic regressiorfrom the eyespotdata.
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2 4 40
5 8 38
10 11 40
20 19 39
50 28 40
100 38 40

The SAScodeto readin thedatalookslik e this:

data bugs;
infile 'dishes.dat’;
input dose dead initial,
ldose = log(dose);

run;

We thenrunproc genmod. The dependenvariablehastwo parts,the outcome(dead)
andthedenominato(thenumberof trials, in this casethevariableinitial). Thisis followedby
thedependentariable(dose),andthena slash(/). We thentell genmod which link function
we are using (logit link) andwhat error distribution we are using. Binomial errorscanbe
abbreviatedwith theletterb.

proc genmod;
model dead/initial = dose /
link=logit error=b;
run;

Outputis presentedn gure 4. Sincetherewasno class statementthis informationis
missingfrom the output. In addition,theregressiorparametefor dose(whichis acontinuous
variablehere)representshe changan thelogarithmof the predictedoddsof aninsectdying
asthedosechanges.

proc genmod;
model dead/initial = dose /
link=logit error=b;
run;

Crawley alsosuggestedting thelogarithmof doseastheindependenvariable. Thisis
easilydonewith the following SAS statementsandthe outputcanbe seenin gure 5.

proc genmod,
model dead/initial = |dose
/llink=logit error=b;
run;

The sasprogramsfor readingthe dataand tting thesemodelscanbe foundin the le
bugs.sas
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The SAS System

The GENMOD Procedure

Model Information

Data Set WORK.BUGS
Distribution Binomial

Link Function Logit
Response Variable (Events) dead
Response Variable (Trials) initial
Observations Used 7
Number Of Events 110
Number Of Trials 277

Criteria For Assessing Goodness Of Fit

Criterion DF Value Value/DF
Deviance 5 10.7641 2.1528
Scaled Deviance 5 10.7641 2.1528
Pearson Chi Square 5 9.9593 1.9919
Scaled Pearson X2 5 9.9593 1.9919

Log Likelihood 128.8046

Algorithm converged.

Analysis Of Parameter Estimates

Standard Wald 95% Chi

Intercept 1 1.7369 0.2074 2.1434 1.3304 70.12 <.0001
dose 1 0.0534 0.0071 0.0394 0.0674 55.81 <.0001
Scale 0O 1.0000 0.0000 1.0000 1.0000

NOTE: The scale parameter was held fixed.

Parameter DF Estimate Error Confidence Limits Square Pr > ChiSq

1

16:56 Wednesday, October 2, 2002

Figure4: Outputfrom a simplelogistic regressiorfrom theinsectdata.
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The SAS System

The GENMOD Procedure

Model Information

Data Set WORK.BUGS
Distribution Binomial

Link Function Logit
Response Variable (Events) dead
Response Variable (Trials) initial
Observations Used 7
Number Of Events 110
Number Of Trials 277

Criteria For Assessing Goodness Of Fit

Criterion DF Value Value/DF
Deviance 5 4.9425 0.9885
Scaled Deviance 5 4.9425 0.9885
Pearson Chi Square 5 4.3623 0.8725
Scaled Pearson X2 5 4.3623 0.8725

Log Likelihood 125.8938

Algorithm converged.

Analysis Of Parameter Estimates

Standard Wald 95% Chi

Intercept 1 3.2694 0.3907 4.0352 2.5037 70.02 <.0001
Idose 1 1.1184 0.1309 0.8619 1.3750 73.00 <.0001
Scale 0O 1.0000 0.0000 1.0000 1.0000

NOTE: The scale parameter was held fixed.

Parameter DF Estimate Error Confidence Limits Square Pr > ChiSq

2

16:56 Wednesday, October 2, 2002

Figure5: Outputfrom insectdatawith logarithmof doseastheindependentariable.
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4 Logistic Regressionwith Several Variables

In practice,we have severalindependenvariables. The simplestmultivariatemodelsmight
only have oneadditionalvariable,perhapsomesortof blockingfactor Hereis a simpleex-

amplewith measurementf plantdamagetdifferentozonelevels(11). Beansvereexposed
to 3 levelsof ozonein growth chambersvith 4 differentsectionan eachchamber

Chambeisection
Ozone(inppm) Injury A B C D
0 low 54 50 39 53
0 high 9 12 19 10
0.20 low 11 15 9 5
0.20 high 36 52 61 47
0.40 ow 3 1 2 1
0.40 high 56 63 62 46

Table4: Strati ed datafor logistic regression.

Thedatacanbereaddirectlyinto SASusingthecardsstatementThedataandtheanalyses
arein the le stratal.sas

data ozone;

input ozone status $ section $ number ones;
injury=(status="high’");

cards;

0 low A 54 1

0 low B 50 1

0 low C39 1

...more data lines follow

In thiscasewveinputthedatawith two additionalvariables.The rst is afrequeng variable
indicatingthe numberof plants. The otheroneis the sectionof the chamber We alsocreate
a binaryvariablethattakesthe valueof 1 whentheinjury is 'high' andis otherwise0. The
original dataappeain takularformin table4.

To performan analysiswith thesedatausinggenmod, onecanusethefreq statement
to indicatethatthevariablenumbermrepresentthefrequeng of thatobsenation. We thenrun
two models,onewith only section,andanothemwith both sectionandozoneexposurein the
class statemen(to createindicatorvariablesfor both)andin the modelstatement.

proc genmod;

fre@ number,

class section

model injury/ones= section  ozone/
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link=logit error=b

proc genmod;

freq number;

class section o0zone;

model injury/ones= section  ozone/
link=logit error=b

The SAS programstratal.sagyivesus regressiorresultsfor two analyses.The rst one
presentonly the resultsof including the chambersectionas an independentariable( g-
ure6).

Thesecondpage( gure 7) showns the effect of including bothozoneandchambeisection
in theanalyses.

We canperformalik elihoodratio test(table5) to determingheimportanceof thevariable
‘ozone’ We do this by calculatingthe differencein -2 timesthe log-likelihood betweenthe
two models,andthencomparingthis amountto a 2 distributedvariable with the numberof
degreesof freedomequalto thedifferencein degreesof freedombetweerthetwo models.

Model -2 x log(Likelihood) d.f.
Section 908.4375 712
Sectionplusozone 517.1320 710
Difference 391.3055 2

Table5: A LikelihoodRatio Testfor ozoneexposure adjustedor section.

The differencebetweerthe two modelsis thenchecled againsta 2 distribution. In this
case,we hardly needto look at a table,sincethe difference(391) is highly signi cant with
only two degreesof freedom,indicatingthatozoneaffectsplantdamage.
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The SAS System 1
18:40 Wednesday, October 2, 2002

The GENMOD Procedure

Model Information

Data Set WORK.OZONE
Distribution Binomial

Link Function Logit
Response Variable (Events) injury
Response Variable (Trials) ones
Frequency Weight Variable number
Observations Used 24

Sum Of Frequency Weights 716
Number Of Events 12
Number Of Trials 24

Class Level Information

Class Levels Values
section 4 ABCD
ozone 3 00204

Criteria For Assessing Goodness Of Fit

Criterion DF Value Value/DF
Deviance 712 908.4375 1.2759
Scaled Deviance 712 908.4375 1.2759
Pearson Chi Square 712 716.0000 1.0056
Scaled Pearson X2 712 716.0000 1.0056
Log Likelihood 454.2188

Algorithm converged.

Analysis Of Parameter Estimates

Standard Wald 95% Chi
Parameter DF Estimate Error Confidence Limits Square Pr > ChiSq

Intercept 1 0.5572 0.1633 0.2372 0.8772 11.65 0.0006
section A 1 0.1616 0.2264 0.6053 0.2822 0.51 0.4755
section B 1 0.0973 0.2229 0.3395 0.5342 0.19 0.6623
section C 1 0.4866 0.2317 0.0324 0.9408 4.41 0.0357
section D O 0.0000 0.0000 0.0000 0.0000 . .

Scale 0O 1.0000 0.0000 1.0000 1.0000

NOTE: The scale parameter was held fixed.

Figure6: Outputfrom the ozonedatawith only chambersection.
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The SAS System 2
18:40 Wednesday, October 2, 2002
The GENMOD Procedure

Model Information

Data Set WORK.OZONE
Distribution Binomial

Link Function Logit
Response Variable (Events) injury
Response Variable (Trials) ones
Frequency Weight Variable number
Observations Used 24

Sum Of Frequency Weights 716
Number Of Events 12
Number Of Trials 24

Class Level Information

Class Levels Values
section 4 ABCD
ozone 3 00204

Criteria For Assessing Goodness Of Fit

Criterion DF Value Value/DF

Deviance 710 517.1320 0.7284
Scaled Deviance 710 517.1320 0.7284
Pearson Chi Square 710 734.7175 1.0348
Scaled Pearson X2 710 734.7175 1.0348
Log Likelihood 258.5660

Algorithm converged.

Analysis Of Parameter Estimates

Standard Wald 95% Chi
Parameter DF Estimate Error Confidence Limits Square Pr > ChiSq

Intercept 1 3.6159 0.4439 2.7459 4.4859 66.36 <.0001
section A 1 0.5161 0.3303 1.1635 0.1313 2.44 0.1182
section B 1 0.2350 0.3183 0.8589 0.3889 0.55 0.4603
section C 1 0.4121 0.3221 0.2193 1.0435 1.64 0.2008
section D O 0.0000 0.0000 0.0000 0.0000 . .

ozone 0O 1 4.9212 0.4203 5.7449 4.0975 137.11 <.0001
ozone 0.2 1 1.9413 0.4231 2.7705 1.1120 21.05 <.0001
ozone 0.4 0 0.0000 0.0000 0.0000 0.0000 .
Scale 0 1.0000 0.0000 1.0000 1.0000

NOTE: The scale parameter was held fixed.

Figure7: Logistic regressiorwith bothsectionandozoneincluded.
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5 Devianceand Goodnesof Fit

A modelattemptdo replacetheobseredy'swith tted values.In generalthesetted values
do not agreeexactlywith the obsenedvalues.lIt is quite easyto seethatsmall discrepancies
arepermissablewhereadarge onesarenot.

We canthink of modelconstructiorasaprocessvheremoreandmorevariablesareadded
to theLP. Thesimplestmodelhasonly oneparameterepresentinghe meanvalue. Themost
complicatedmodel hasone parametefor eachobsenation. The simplestmodel (the mean
only) generallygivesilittle insightinto the processebehindthe data. The mostcomplicated
model(oftenreferredto asa saturateanodel)is alsoof little use,sinceit merelyreplaceshe
obsenationsthemseleswith anequalnumberof regressiorparametersSincethegoalof our
statisticss to condenséheinformation,this full modelis, in practice of little use.

For agivensetof data therewill belargerdiscrepancieor thesimplermodel,andsmaller
discrepanciefor themorecomplicatednodels.

Therearea numberof differentmeasuresf goodnes®f t but the onesmostcommonly
usedin GLM's arethedevianceandPearson 2.

The devianceis formedfrom the logarithmof the ratio of two likelihoods.Oneof these
is the likelihood of the currentmodel. The otheris the likelihood of the saturatednodel.
Deviance(D) is calculatedasfollows:

current
D= 2log ———
g satur ated
Wherecurr ent and satur ated are the likelihoodsof the currentand saturatednodels,

respectrely.
Notethatwe canmanipulatethis formulasothat

D = 2log(current) + 2log(saturated)

In practice,if we have single elds (asin the eyespotdata)or plants(suchasthe ozone
data)in eachstratasothatthenumberatrisk’ in eachobsenationis equalto 1, thelikelihood
of asaturatednodelis 1, andthe deviancereportedfor themodelequal2 timesthelog lik e-
lihood of the currentmodel. If we have groupeddata(suchastheinsectdata),thelik elihood
of the saturatednodelis nolongerl. If thisis the casethenthe'deviance'reportedoy SAS
is nolongerequalto -2 timesthelog-likelihood.

Theserepresenthe two waysin which datafor logistic regressioncan be entered. In
practicejf wecon ne thelik elihoodratio statisticghatwe calculateo thedifferencedetween
two modelsjt matterdittle whichwaywe enterthedata.Whereit makesadifferences in the
interpretatiorof theresidualdeviance gure from asinglemodel.If we have dataobsenations
consistingof mary trials with a givennumberof outcomesasthedependentariable(i.e. the
denominatotin the model statemenis not one), thenthe residualdevianceis a reasonable
indicatorof goodnes®f t. If thisis notthe caseandthe dataconsistof singletrials, then
the goodnes®f t mustbe determinedby someothermeans.One of theseis the Hosmer
Lemeshav test,whichis coveredin their book(6).
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Theothermeasuref goodnes®f t isthePearson 2 statisticwhich takestheform

Xy M?
0
whereV (*) is the variancefunction for the distribution. For the normallink, thisis the
residualsumsof squaresbut for the binomial or poissorerror, thisis the original Pearson ?
statistic.
Either of thesecanalsobe divided by the scaleparametein the caseof overdispersed

data.
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6 A Detailed Analysiswith Analysis of Deviance

In practice,one often hasmary differentvariables,someof which may be relatedto each
other This meanghatvariablesthatareinsigni cant by themselesmay becomesigni cant
whenothersare added. The oppositemay alsooccut in that variablesmay containsimilar
information,sothatthey aresigni cant by themseles,but losesigni cancewhentherelated
variablesareadded.In eithercase this meanghatthe resultsof a singleregressionis often
insuf cient to evaluatewhich variablesshouldbeincluded.

6.1 An initial look at the data

A stratgy thatis often used(at leastfor theinitial selectionof variablesin a regression)s
to t all thevariablesby themselesat rst, andthenincludeall thevariablesn aregression.
A suitablesubsetof variablescanthen be selected basedin part on signi cance level by
themselesor togethemwith othervariablesjn parton subject-matteconsiderationandthen
testedn amodel.

Anotherstratgy is to addthe variableso a model,makingit increasinglycomplex. Still,
onemustusethe subjectmatterconsiderationg addingthe differentvariables.

Oneextrafeaturein the SASgenmod procedurghatmakesthis easieris thetypel and
type3 optionsthatcanbeincludedatthe endof the modelstatementThesegeneratd¢ables
thatdescribehechangen deviancethatroughlycorrespondso thetypel andtype3 sums
of square®n otherSAS proceduresThetypel tabledescribegshechangesn devianceas
variablesare addedto the model (the orderbeingthe sameasthatin the modelstatement),
whereaghetype3 tabledocumentshechangeshatoccurwhenthevariableis addedast.

For this example we usethedataon occurrencef Sclerotiniastemrot (causedy Scleo-
tinia scleotiorum) in canola.Consultthe original paper(21) for additionaldetailsaboutthis
study Thedataareavailablein atext le risk.txtandvaluesaredelimitedby thetabcharacter
It canbereadin with thefollowing statementsvhich canbefoundin the le canrd.sas

data riskset;

infile risk.txt' Irecl=200 firstobs=2

delimiter='09'x;

* the data are tab (09hex) delimited;

input nr ycd teear omr $ raps $ qual $
angr nyr $ p_inf $ peas $
foliage $ june $ rain2 $ forec $
apo_r $ tidan aponum nr2;

if nyr ='a then nyr = 'bj

* number of years 1-4 years highest risk group;
if p_inf ="'d then p_inf="2}

*make 0 last time reference prev inf;

if apor ='a then apo_r='b’
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*condense ref group to O0-5 apothecia;

angr2 = angr+2,
if angr > 20 then need = 1;
else need = O;
at_risk=1;
run;

Recodingof someof the variablesalsotakes placein this datastep,andthe dependent
variable,need,is established A simplemodelto examinethe effect of one of the variables
(nyr in this case)would thenappeaasthe following

proc genmod;

class nyr;
model need/at_risk = nyr /
link = logit
error = binomial
typel;
run;

You could load the le canrd.sasandtypein the above linesto t this model. Since
muchof the programmings repeatedor thesinglevariablemodels however, thereis another
approactio tting thesevariables.n the le cansinglesasthereis a SAS macrothatis used
to runthesinglevariablemodels

%macro onefit(varname);
proc genmod,
class &varname;

model need/at_risk = &varname /
link = logit
error = binomial
maxit=100
typel;
run;
%mend;

This macrois thenusedasfollows, saving us a little writing, thoughthe outputis not
shown here. For the sale of simplicity (if onecanconsider6 variablessimple)we focusour
attentionon only a subsetof of the variables. Thesecanbe t with the remainderof the
programin cansinglesas

%onefit(nyr); * number of years since last crop;
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%onefit(p_inf); * previous infection level of last crop;
%onefit(foliage); * foliage density;
%onefit(june); * rain  in june;
%onefit(forec); * weather forecaset;
*

%onefit(apo_r); apothecia  development;

Thisis aratherengthyoutput,andwe shoulddirectour attentionon theexplanatoryalue
of eachof the variableswhen tted singly. This informationis summarizedn table6. The
importanceof eachof thevariabless judgedby comparingthe deviancechangeagainsta 2
distribution.

Variable DevianceChange d.f.
nyr 110 2
p_inf 1828 5
foliage 1239 2
june 40.62 2
forec 1261 2
apar 51.08 2

Table6: Deviancechangedrom tting thevariablessingly.

From the resultsof this table, we might suspecthat all but one of thesevariablesare
important. The exceptionis the numberof yearssincethe last crop, which hada changeof
devianceof only 1.10with 2 d.f.

A full modelwith all six variablesandthetype3analysiss thennext,

proc genmod,;
class nyr p_inf peas foliage june forec apo_r;

model need/at_risk = nyr p_inf peas
foliage june forec apo_r/
link = logit
error = binomial
maxit=100
type3;
run;

This program(can.all.sa9 givesusthe outputshovn in gures 8 and9.

6.2 Towards a full model

If we look atthelastpartof gure 9, we canseethatsomevariables(suchasnyr andp_inf)
aresigni cant, whereasasjuneis not. Surprisinglythe variableassociatedvith the number
of yearssincethelastcrop hasbecomesigni cant, andcannow changehedevianceby 8.67
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nyr
nyr
nyr
p_inf
p_inf
p_inf
p_inf
p_inf
p_inf

Parameter

Intercep

foliage
foliage

cpN—0oTpROT™

The SAS System 1
14:46 Thursday, January 30, 2003

The GENMOD Procedure

Model Information

Data Set WORK.RISKSET
Distribution Binomial

Link Function Logit
Response Variable (Events) need
Response Variable (Trials) at_risk
Observations Used 267
Number Of Events 36
Number Of Trials 267

Class Level Information

Class Levels Values
nyr 3 bcd
p_inf 6 abcefz
foliage 3 abc
june 3 abc
forec 3 abc
apo_r 3 bcd

Criteria For Assessing Goodness Of Fit

Criterion DF Value Value/DF
Deviance 251 119.8835 0.4776
Scaled Deviance 251 119.8835 0.4776
Pearson Chi Square 251 181.1133 0.7216
Scaled Pearson X2 251 181.1133 0.7216
Log Likelihood 59.9417

Algorithm converged.

Analysis Of Parameter Estimates

Standard Wald 95% Chi

DF Estimate Error Confidence Limits Square Pr > ChiSq
1 11.3959 2.3681 16.0373 6.7546 23.16 <.0001

1 1.6121 1.0106 3.5928 0.3687 2.54 0.1107

1 0.9386 0.5850 0.2080 2.0852 2.57 0.1086

0O 0.0000 0.0000 0.0000 0.0000 . .

1 4.7995 15795 1.7036 7.8953 9.23 0.0024

1 15993 1.6136 1.5633 4.7619 0.98 0.3216

1 1.3262 1.3336 1.2876 3.9401 0.99 0.3200

1 2.8676 1.4156 0.0932 5.6421 4.10 0.0428

1 21117 1.3649 0.5635 4.7869 2.39 0.1218

0 0.0000 0.0000 0.0000 0.0000 . .

1 3.5732 1.2442 1.1345 6.0118 8.25 0.0041
1 27464 1.0861 0.6176 4.8752 6.39 0.0115

Figure8: Outputfrom regressiorwith all variablegpagel).
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foliage c¢ O
june a
june b
june c
forec a
forec b
forec c
apo_r b
apo_r c
apo_r d
Scale

CoppOrrork

Parameter DF Estimate

0.0000
0.5597
1.0694
0.0000
3.3936
3.0869
0.0000
3.2469
4.2340
0.0000

The SAS System

14:46 Thursday, January 30, 2003

The GENMOD Procedure

Analysis Of Parameter Estimates

0.0000
0.9305
0.6876
0.0000
1.5444
1.1898
0.0000
1.0524
1.2394
0.0000

Standard Wald 95% Chi

Error Confidence Limits Square Pr > ChiSq

0.0000 0.0000 . .
1.2641 2.3835 0.36 0.5475
0.2784 2.4171 2.42 0.1199
0.0000 0.0000 . .
0.3666 6.4206 4.83 0.0280
0.7548 5.4189 6.73 0.0095
0.0000 0.0000 . .
1.1842 5.3097 9.52 0.0020
1.8048 6.6632 11.67 0.0006
0.0000 0.0000 . .

1.0000 0.0000 1.0000 1.0000

NOTE: The scale parameter was held fixed.

LR Statistics For Type 3 Analysis

Source

nyr
p_inf
foliage
june
forec
apo_r

Chi
DF Square Pr>ChiSq

2 8.67 0.0131
5 15.93 0.0070
2 12.33 0.0021
2 2.43 0.2974
2 12.06 0.0024
2 18.92 <.0001

2

Figure9: Outputfrom regressiorwith all variablegpage2).
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whenit is enteredlastinto the model. It is obviously confoundedwith someof the other
variables.

Fromthesinglevariableanalysesandthe precedingliscussiorabouttherainvariable the
variablesp_inf, foliage, forec,andapar shouldbe includedin the model. Onemight try a
reducedmodel,removing the variablejune, to seeif the variablesthat are importantretain
their signi canceevenin theabsencef thejunevariable.

Thiscanbe t by themodelincludedin the programcanred.sas

proc genmod;
class p_inf foliage forec apo_r nyr;

model need/at_risk = p_inf
foliage forec apo_r nyr/
link = logit
error = binomial
maxit=100

type3 typel;
run;

Theoutputfrom this reducedmodelis presentedn gure 10and11.

Examinationof the outputfrom the reducedmodelrevealsthatall variablesarestill sig-
ni cant, andcon rms therationalebehindthe omissionof the variablecorrespondingo the
rainin June.

An analysisof deviancetable (table7) canbe constructedrom thetype 1 analysistable,
but sincethereis internalcorrelationamongthe variablespnemustremembethatthe actual
changesn deviancereportedaredependenbn the orderin which the variablesare t. Here
the residualdevianceis the unexplainedvariation after tting a model, and the changein
devianceis the differencebetweerthatmodelandthe previousone. Thelatteris comparedo
a 2 distribution asasigni cancetest.

Model Description ResiduaDeviance d.f. change P
A Interceptonly 211.1804

B A + p.inf 192.9053 5 18.28 0.0026
C B + foliage 182.4900 2 10.42 0.0055
D C + forec 168.9860 2 13.50 0.0012
E D +apar 131.7485 2 37.24 <0.0001
F F + nyr 122.3088 2 9.44 0.0089

Table7: Analysisof Deviance.

Fitting modelsis partly art and partly science. Thereare no hard and fastrulesasto
how it shouldbe done. Knowledgeof the biology of a particularsituationis likely to be the
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The SAS System

10:28 Friday, January 31, 2003

The GENMOD Procedure

Model Information

Data Set WORK.RISKSET
Distribution Binomial
Link Function Logit

Response Variable (Events) need
Response Variable (Trials) at_risk
Observations Used 267

Number Of Events 36
Number Of Trials 267

Class Level Information

Algorithm converged.

Class Levels Values
p_inf 6 abcefz
foliage 3 abc
forec 3 abc
apo_r 3 bcd

nyr 3 bcd

Criteria For Assessing Goodness Of Fit

Criterion DF Value Value/DF
Deviance 253 122.3088 0.4834
Scaled Deviance 253 122.3088 0.4834
Pearson Chi Square 253 171.4554 0.6777
Scaled Pearson X2 253 171.4554 0.6777
Log Likelihood 61.1544

Analysis Of Parameter Estimates

Standard Wald 95% Chi
Parameter DF Estimate Error Confidence Limits Square Pr > ChiSq
Intercept 1 10.9628 2.3444 15.5578 6.3678 21.87 <.0001
p_inf a 1 4.8161 15934 1.6932 7.9390 9.14 0.0025
p_inf b 1 1.6915 1.6294 15021 4.8850 1.08 0.2992
p_inf c 1 12803 1.3363 1.3387 3.8993 0.92 0.3380
p_inf e 1 29024 1.4178 0.1237 5.6812 4.19 0.0406
p_inf f 1 21873 1.3678 0.4936 4.8682 2.56 0.1098
p_inf z O 0.0000 0.0000 0.0000 0.0000 .
foliage a 1 3.8172 1.2369 1.3930 6.2415 9.52 0.0020
foliage b 1 2.8168 1.0804 0.6993 4.9344 6.80 0.0091
foliage ¢ O 0.0000 0.0000 0.0000 0.0000 . .
forec a 1 3.3146 1.4912 0.3920 6.2372 4.94 0.0262
forec b 1 29347 1.1738 0.6341 5.2353 6.25 0.0124
forec c O 0.0000 0.0000 0.0000 0.0000 .

1

Figure10: Outputfrom regressiorwith areducedsetof variablegpagel).
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10:28 Friday, January 31, 2003

The GENMOD Procedure
Analysis Of Parameter Estimates

Standard Wald 95% Chi
Parameter DF Estimate Error Confidence Limits Square Pr > ChiSq

apo_r b 1 3.3805 0.7196 1.9701 4.7908 22.07 <.0001
apo_r c 1 4.4094 0.9749 2.4985 6.3202 20.46 <.0001
apo_r d O 0.0000 0.0000 0.0000 0.0000 .

nyr b 1 1.6212 1.0033 3.5875 0.3452 2.61 0.1061
nyr c 1 09839 0.5831 0.1591 2.1268 2.85 0.0916
nyr d O 0.0000 0.0000 0.0000 0.0000

Scale 0O 1.0000 0.0000 1.0000 1.0000

NOTE: The scale parameter was held fixed.

LR Statistics For Type 1 Analysis

Chi
Source Deviance DF Square Pr> ChiSq
Intercept 211.1804
p_inf 192.9053 5 18.28 0.0026
foliage 182.4900 2 10.42 0.0055
forec 168.9860 2 13.50 0.0012
apo_r 131.7485 2 37.24 <.0001
nyr 122.3088 2 9.44 0.0089

LR Statistics For Type 3 Analysis

Chi
Source DF Square Pr>ChiSq
p_inf 15.86 0.0072
foliage 14.12 0.0009

apo_r 43.63 <.0001

5
2
forec 2 11.71 0.0029
2
nyr 2 9.44 0.0089

Figurell: Outputfrom regressiorwith areducedsetof variablegpage2).
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singlemostimportantfactorin themodel- tting processsinceonewantsa modelthatmakes
biological sense. Even aspectssuchas signi cance level, however, arenot x edin stone.
While we readily usea signi cancelevel of 5% without too muchquestioningpnecanargue
why it shouldbejust5 andnot4 or 6 perceninstead An alternatveis to examineprobability
levelsinsteadof merelydescribingthingsassigni cant or not.

ThePlant HealthInstructor 2006 DecisionRules,page34



7 Recever Operating Characteristic Curves

Recever operatingcurvescanbe usedasa methodto comparepredictionsfor diseasg21).
The curvescanprovide informationregardinghow oftenthe predictionsarecorrect(andin-
correct),andprovide a graphicmethodof comparingdifferentpredictionssystems.
Assumethata diseasegredictionalgorithmcanproducearangeof values.This couldre-
sultfrom varyingweightsor pointsbeinggivento the variousanswergrom certainquestions,
suchasnumberof yearssincethe last susceptibleeropwasgrown, or the quality of the seed
material. Assumethatit is never a perfectpredictor andthat any decisionthresholdbased
onthisalgorithm(suchas'sprayif the pointaccumulations above agivenlevel’) yieldsone

of four possiblesituations,for a given economicinjury level (assumedo be 20 % in this
example).

DiseaseExceed20% Diseasdessthan20%

Spray A B
Don't Spray C D
Total A+C B+D

A/(A+C) TruePositve B/(B+D) FalsePositve

Table8: TrueandFalsePositve Rates.

ThecellsA andD in table8 representhe numberof correctdecisionswhereaB andC
representhe incorrectdecisions.If atotal of A+C elds hada nal diseasdevel over 20%
(assuminghisis theeconomidnjury threshold(22)), andour algorithmpredictedthis would
occurin A elds, thenthetrue positive rate(TP) would be A/(A+C). Thetrue positive rateis
alsocalledthe sensitivityof the predictor Likewise,if (B+D) elds hada nal diseasdevel
lessthan20%, and our algorithmrecommendea sprayfor B of these elds, thenthe false
positive rate (FP) would be B/(B+D). Anotherquantity usedis the true negative rate (TN),
whichis the proportionof negative casesorrectlyidenti ed. In table8 it would be D/(B+D).
This quantityis alsoreferredto asthe speci city of the predictor Obviously, TN + FP=1.0.

The TP and FP ratescan be affectedby changingthe decisionthreshold. For example,
recommending spraywith alower pointaccumulatiorwould increasethe TP rate,but may
alsoincreaseahe FPrate. An ideal algorithmwould maximizethe TP rateandminimize the
FPrate.

TherelationshipbetweenTP and FP for the risk predictionalgorithmscanbe examined
graphicallyby plotting recever operatingcharacteristi§ROC) curves(13). Thesecurvesplot
the TP asafunctionof theFPatall possibledecisionthresholdsAn ROC curve mightappear
asin gure 12 (21). This curve canbe generatedvith the SAS statementsn the program
canolal.sas This programcontainsa SAS macrothat choosedglifferentdecisionthresholds
andtalulatesthedifferentvaluesfor trueandfalsepositiveratesandgeneratethe ROC curve
for the original risk algorithm. A programthatgenerateshe ROC curve for therecalibrated
risk algorithm(the onegeneratedn the previouschapterusingthe programcan.red.saj can
be generatedby runningthe programreducedroc.sas
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Figure12: A ROC curve from anuncalibratedisk predictionalgorithm.

In anROC curve usingour example,the origin of the graphrepresentshe decision'not-
to-spray'for all elds. Thisdecisionyieldsnofalsepositives(i.e. arecommendatioto spray
in theabsencef theneedto spray:thequantityB in table8 is 0) but capturesotruepositves
(recommending sprayfor those elds thattruly requireone:the quantityA in table8 is also
0). Theupperright cornerwould recommendprayingall elds, thusdetectingall elds that
truly requirea spray(C = 0, TP rate= 1) but alsorecommendin@ sprayfor all elds thatdo
not requirethem (D=0, FP = 1). An efcient algorithmwould yield a curve 'pushedto the
upperleft corner'.

ROC curwvescanalsobe drawn plotting the TP asa functionof the TN, or the sensitivity
asafunctionof the speci city (15). Thisis equvalentto ipping thegraphsaroundavertical
axis,andanef cient algorithmis thuspushedo theupperright cornerinstead.

The useof ROC curesis a methodof comparingrisk algorithmsthat doesnot rely on
the algorithmshaving the samescale.Figure13 (21) compareswo decisionalgorithmsthat
have differentscalesbut are basedon the samedataset. This graphcan be generatedy
the SAS programdblroc.sas It usesdatasetscreatedby the programscanolal.sasandre-
ducedroc.sassomalke sureyou have alreadyrun both of theseprograms.

An addedadvantageof usingROC curwesis thatit allowsfor e xibility onthepartof the
decisionmalker. Variabledecisionthresholdswith varyingTP andFPrates canre ect therisk
attitudes(namedutility functionsin the economicditerature)of the decisionmaker. Thus,a
risk aversedecisionmaker maysethiscriterialevel furtherto theright on Figure13,andspray
his elds with alower'point accumulation'whencomparedo adecisionmaker morewilling
to take risks. He couldtherebyincreasehis true positive rate,but at the costof increasinchis
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Figure 13: Comparingthe original and the recalibratedrisk predictionalgorithm. (From
reference2l, with kind permissiorof SpringerScienceandBusinesdMedia.)

falsepositive rate. The advantageof the ROC curwesis thatthe rate of both kinds of errors

(applyinganunneededpray andmissinga neededspray in our example)canbe estimated.
Giventheseerror ratesandthe relative costsof both kinds of error, the decisionmaker can

determinea critical valuefor his decisionthresholdthatre ects his attitudestowardrisk.

The developmentof risk assessmeralgorithmsneedsto be guidedby the requirements
the nal algorithms.Thisis especiallymportantif dataarederivedfrom surveyswhereoneis
limited by the naturalvariationin theindependenvariablesandtheir differentcombinations.
If datafrom a wide variety of croppingsituations(variationin cultivars, cultural practices,
climateetc.)areusedto developalgorithms theresultmayhave widerapplicabilityif thedata
sethascapturedhe necessaryariation. Lik ewise, restrictingthe variationin the underlying
datamaynotpermitthediscoveryof importantfactorsmerelybecaus¢hey arealwayspresent
(or absent) thoughthis may not necessarilyaffect the validity of the resultingalgorithmin
thatparticularsetting.

An importantfactorto keepin mind is that a single ROC curve summariseshe errors
involvedfor a singleeconomicinjury level. This level, of course,s in turn dependenon a
numberof factorsthatwe have little controlover. In practice,it maybe moreusefulto think
of afamily of ROC curvesfor differenteconomidnjury levels,or an ROC surfaceplot with
theeconomidnjury level asanadditionalvariable(7).
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8 Bayes's' Theoremand PestPrediction

The performanceof the predictorcanbe thencombinedwith generalinformationaboutthe
occurrencef thepestusingBayess' theorem(20). In Bayesiarterms thegenerabccurrence
of the pestcanbe considerecnunconditionalprobability, representindghow oftenwe would
expectthe pestto occurbasedon pastexperience put without usingary season-speci an-
formation. Thesearereferredto aspriors. Bayess' theoremthenallows usto combinethe
informationin the prior (our expectationbasedon pastexperience)with the informationin
the predictorto form a new probability, conditionalon this new information. This is referred
to asa conditionalprobability, sinceit is dependendn theinformationin the predictor

In mathematicaterms,Bayess' theoremfor the simple casewith only two possibilities

is:
Pr(BjA) Pr(A)
Pr(BjA) Pr(A) + Pr(BjA) Pr(A)

where Pr(A) and Pr(B) are unconditionalprobabilitiesof A and B and Pr(A) is the
probability of not observingA, i.e. Pr(A) + Pr(A) = 1:0. In this case,A representpest
occurrenceandB representa positive prediction.Notethatthesensitvity (Pr(BjA)) andthe
unconditionaprobabilityof pestoccurrenceccurin boththenumeratoandthedenominatagr
andthatthefalsepositive rate(Pr(BjA) alsooccursin thedenominatar

This can be madeeasierto handleby using oddsof the outcomesand calculatingthe
likelihoodratios(LR) of the positve andnegative predictions(20). Thelikelihoodratio of a
positive prediction,denotedLR(A; B), containscontainsinformationaboutboth speci city
andsensitvity:

Pr(AjB) = (equatiord)

Pr(BjA)
1 Pr(BjA)
Likewise, one can also calculatethe likelihood ratio of a negative prediction, denoted
LR(A; B):

LR(A;B) = (equatiorb)

1 Pr(BjA)

LR(A;B) = —— tion6
(AB) = ~5 Ay (equatiore)
If we rewrite the prior probabilitiesasodds
_ Pr(event)
odds(event) = 1 Pr(evend
we canwrite insteadof equationd:
odds(AjB) = odds(A) LR(A;B) (equation?)

andalsoderive a similar relationshipfor the probability of diseasaftera negative predic-
tion
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odds(AjB) = odds(A) LR(A;B) (equation8)

For example,if a predictionalgorithmhasa sensitvity of 80% anda speci city of 75%,
thenthe LR for a positive prediction(calculatedusingequatiorb) is

0:80
1 075 °%
ThelLR for anegative predictionis
1 080
= 0:267
0:75

calculatedusingequation6.
If the prior oddsfor needinga spraywerel in 10 (i.e. the pestoccurredonly 1 yearin 11
or 9%), thenaftera positive predictionthe oddswould be (calculatedusingequation?)

(0:1)(3:2) = 0:32

or abouta 24% chancethat the pestwould occur After a negative prediction,the odds
would be

(0:1)(0:267) = 0:0267

calculatedusingequations.

How well doesthis work in practice? One would needinformation on both sensitvity
andspeci city of the predictor alongwith somegeneralinformationon diseaseoccurrence.
In one example(20), the speci city and sensitvity of a risk algorithm developedby logis-
tic regression(17) on therisk of Sclerotiniastemrot of oil-seedrapewere combinedwith
informationon prior probabilities(E. Twengstdm, personalcommunicatioh

This studyutilized atwenty-yearaveragefor the needto applyfungicidesto control Scle-
rotinia stemrot in orderto obtain prior probabilities. Several differentdecisionthresholds
wereusedcorrespondingo Figurel in the article originally publishedby Twengstbm et al.
(18). The 40 point thresholdyields approximatelyequalratesfor the two typesof errors. A
lowerdecisionthresholdncreasesensitvity atthecostof reducedspeci city. A higherdeci-
sionthresholdsacri cessensitvity for increasedpeci city. Thesedecisionthresholdsvere
combinedwith thepriorsbasednthetwenty-yeataveragesandsinglehighestyearvaluesfor
UpplandandVastmanlandA rangeof posteriorprobabilitieswereobtained.

Theauthorsconcludedhatfor extremelyrareor extremelycommonpestsit is impractical
to develop pestpredictionsystemshatwill receve widespreadicceptancenlessthey have
extremely high sensitvity andspeci city. For rare pests,the prior oddsof pestoccurrence
is low, andthusatestwith an extremelyhigh LR for a positive testis requiredin orderfor
the testto increasethe oddsto the point whereactionmight be taken. In this case,it is the
speci city of thetestthatwill increaseaheLR for apositive prediction.Evenif thesensitvity
of thetestwas100%,a speci city of only 95%will increase¢he oddsonly 20-fold.
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For commonpestsa LR for a negative testwill have to be very smallin orderto reduce
the oddsof pestoccurrenceso thatno actionwould be taken. This is achieved by having a
testwith high sensitvity. If thespeci city of atestis 100%,it will still requirea sensitvity of
95%in orderto reducethe oddsof pestoccurrencéy afactorof 20.

Wider acceptancef predictive systemsnight be expectedfor peststhatoccurabouthalf
thetime. Evenpredictorswith only modestperformancenight beusedin this situation,since
thereis no prior information on the occurrenceof the pest. For more detaileddescriptions
of the calculationsanda moredetaileddiscussionthe readelis referredto the original paper
(20).
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9 Noteson installing the SAS programs

The SAS programsshowvn in table 9 shouldbe availablein acompressedrchie.

Chapter program datasetsneeded
1 dagis.sas -
2 simple.sas eyespot.dat
bugs.sas dishes.dat
3 stratal.sas -
5 canrd.sas risk.txt
cansingle.sas risk.txt
canall.sas risk.txt
canred.sas risk.txt
6 canolal.sas risk.txt
reducedroc.sas risk.txt
dblroc.sas risk.txt

Table9: SAS programsincludedin the programarchive. Be sureto run both canolal.sas
andreducedroc.saseforerunningdblroc.sas

The SAS statementsre written assuminghatall program les and datasetsarein the
directory E:ndecision If you chooseto placeyour les in anotherdirectory you will have
to make the necessarghangesn the SAS programs. This informationis in the statements
lename andlibnameat the beginning of the programs.In addition,Unix usersmay have to
changeheline delimiterin someof the les in orderto avoid errors.

Programghat generategraphswill usewindows (or a similar system)to presenthe on-
screergraphs.If youwantto generatgostscriptgures to incorporateinto otherdocuments,
youmaywantto changehegraphicdriveroutinein sasasfollows (foundin change_graph.sas.

flename  grafout ‘'e:\decision\figure.ps’,

goptions  device=ps gsfname = grafout
gsfmode=replace vsize= 12 cm
vorigin=12 cm hsize=15 cm;

An exampleof theuseof thisis theprograntest ps write.sas whichmodi es thecanolal.sas
programto generate postscriptle.

Theseprogramsweretestedwith SAS version9.1 for Windows, andversion8.2 running
underWindows andLinux.
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