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1 Why DeriveDecisionRules?

1.1 DecisionSupport Systems(DSS)

Theproductionandavailability of decisionsupportsystems(DSS)asaidsin applyingor using
diseasecontrolmethodshavebecomecommonin contemporaryagriculture,perhapsbecause
it hasbecomeeasierto obtainandprocessthe datathat areneededto provide this kind of
advice.Anotherfactoraffectingadoptionof DSSis theability to reachlargeaudienceswith
relatively little effort. While increasedavailability of thiskind of informationis undoubtedlya
bene�t for mostusers,thequalityof suchinformationshouldbesuf�cient to allow maximiza-
tion of theeconomicandenvironmentalbene�ts thatcanresultfrom theuseof suchsystems.
Thus, otherwaysof developmentof suchsystemscould be useful. In addition, clear and
objective methodsareneededto evaluateandcomparedifferentDSS,althoughthe ultimate
criterionis adoptionby theend-users.

While we tend to think of DSS assomethingnew, possiblyconnectedwith computers
andtheInternet,theconceptof predictingdiseasesandpestspredatescomputers.TheMills
rulesfor predictingapplescab(14) areanexampleof predictionrules(or risk algorithmsas
they will bereferredto herein)thatexistedlong beforetheInternet.Otherearlysetsof deci-
sionrulesincludethosethatwereusedto predictpotatolateblight, causedby Phytophthora
infestans(9), andAlternarialeaf blight of carrots,causedby Alternaria dauci (5). In these
examples,usersaregivena numberof questionsrelatedto diseasedevelopmentor risk, and
dependingontheanswers,anumberof risk 'points' arecalculated.If thesumof these'points'
exceedsa pre-determinedthreshold,thensomesortof diseaseintervention(oftenin theform
of pesticideapplication)is recommended.

Wheredo theserisk algorithmscomefrom? Experienceandsubjective judgment,cou-
pled with revision basedon the performanceof the rules, is oneway in which they canbe
developed.Thiscanbea lengthyprocess.For example,20yearsof experiencewererequired
for the publicationof the Mills applescabrules (10). Otherproblemsinclude geographic
speci�city, variationsin hostplantresistance,or changesin climatic conditions.

If suitabledatasetsareavailable,logistic regressionprovidesawayto verify andcalibrate
risk algorithms.This is onemethodby whichcategoricaloutcomes(thedependentvariables)
canberelatedto a varietyof differentindependentvariables,whetherthesearecontinuousor
categorical in nature.While plantdiseaseepidemiologistslike to think in quantitative terms
with respectto disease,farmersareoftenmoreinterestedin qualitativeoutcomes,suchasthe
needto applya fungicide. Reformulatingthequestionfrom How much diseasewill occur?,
with a quantitative answer, to a questionlike ShouldI spray my�eld?, with a qualitative an-
swerentailsuseof differenttechniquesthatarecoveredhere.The �rst partof thefollowing
articlegivesa brief introductionto generalizedlinearmodels,how logistic regressionrepre-
sentsonetypeof suchamodel,andhow to programtheseanalysesusingSAS.Thereareother
waysto derive thesealgorithms,but they aren't coveredhere.

A relatedissueis how one can judge the performanceof the risk algorithm. If these
systemsare not perfect, thereare different typesof errorsthat can be made. The useof
receiveroperatingcharacteristiccurves(ROCcurves)is onewayof graphicallyexaminingthe
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differenttypesof errors.This methodalsoprovidesa way by which differentrisk algorithms
can be compared. The useof ROC curves is presentedin the secondpart of this article.
Finally, therelationshipof theperformanceof therisk algorithm(in termsof speci�city and
sensitivity) andtheprobabilityof diseaseis determinedby a numberof factors,but Bayes's
theoremprovidesa methodto derive this relationship.Theuseof Bayes's theoremin disease
is presentedin thethird partof this article. For eachsection,sampleSASprogramsanddata
setsarealsoavailable.

This materialis presentedin two forms.

� For on-linereadingwith abrowserit canbeviewedhereat
http://www.apsnet.org/education/AdvancedPlantPath/Topics/DDR/long.htm.

� A pdf versionthat will facilitatesaving andconvenientandconsistentprinting of the
entiredocument.

TheSASprogramsanddata�les areavailableasaseparatearchive,or canbeloadedindivid-
ually via theon-linehtml version.

1.2 Further Reading

An introductorytext on plant diseaseepidemiology(2) canprovide additionalbackground
on diseaseforecasting. Many of the methodsusedin this article can be tracedto clinical
epidemiology, which is a branchof medicine,andan introductionto this �eld (16) couldbe
usefulbackground.An early article on the useof thesemedicaltechniquesin plant disease
forecasting(21) is ashorterintroductionto thismaterial.
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2 An Intr oduction to GeneralLinear Models

GeneralizedLinear Models(12), hereabbreviatedasGLM (not to be confusedwith proc
glm in SASwhichwewill usebrie�y) is aconceptthatuni�es many differenttypesof statis-
tical models.Thesemodelsinclude:

� t tests

� Analysisof Variance

� Multiple Regression

� Analysisof Covariance

� LogisticRegression

� PoissonRegression

� Analysisof Dilution Assays

� ProbitAnalysis

2.1 Componentsof a GLM

A GLM hasseveralcomponents.Theseare:

RandomComponent:Thisconcernsthedependentvariable,andweallow for adiscrepancy
betweenobservedand' true' (undoubtedlyunknown) values.Traditionallytheobserved
valuesof thedependentvariablearedenotedby y.

SystematicComponent:Theindependentvariables.Covariates(usuallydenotedby x j ) and
their unknown parameters(usuallydenotedby � j ).

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

x1� 1 + x2� 2 � � � xp� p

Mathematically, it is oftenwritten like this

pX

j =1

x j � j

Within thecontext of a GLM, this is oftenreferredto asthe linearpredictor(LP), and
is referredto with theGreekletter� , pronouncedeta. Thus,
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� =
pX

j =1

x j � j

but I will generallyreferto it asthelinearpredictor.

Link: A link betweenthesystematiccomponentandthe dependentvariable. This canbe
(in simplecases)an identity function(= ), wherethesystematiccomponent(including
the independentvariables)is equalto the dependentvariablesplus the error speci�ed
by therandomcomponent.In otherGLM' s, this link canbesomeothermathematical
function,suchaslogarithm,logit, or complementarylog-log (CLL). The link is often
referredto asg.

Table1 listssomeof thecommontypesof GLM' s. Traditionally, t-testsandANOVA were
consideredto bedifferentfrom multiple regression,but theonly differenceis thattheformer
usecategoricalindependentvariablesandthelatterusescontinuousvariables.Thisdistinction
is discardedwithin theGLM-concept.

Analysis RandomPart SystematicPart Link
t tests Normal Categorical Identity
ANOVA Normal Categorical Identity
Multiple Reg Normal Continuous Identity
Analysisof Cov Normal Cat.& Cont. Identity
LogisticReg Binomial Cat.& Cont. Logit
PoissonReg Poisson Cat.& Cont. Log
Dilution Assays Binomial Cat.& Cont. CLL
ProbitAnalysis Binomial Cat.& Cont. Probit

Table1: Structureof SomeCommonGeneralLinearModels.

2.2 A SimpleGLM

A conventionalt-testcanbeformulatedasaGLM. Weobserveaseriesof valuesfrom oneof
two groups.Weassumethatthesearetheresultof arandomvariableandatruemeanfor each
of the two groups. It is assumedthat theserandomvariablesareindependent,andthat they
haveanormaldistributionwith meanzero.

In thesystematiccomponent,wecanassignobservationsto oneof two groups.To dothis,
we useindicatorvariables(which cantake thevalueof 0 or 1) to assigngroupmembership
to eachobservation. For a t-test the randomandsystematicpartsof the GLM arecoupled
togetherwith theidentity function.
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2.3 A numeric exampleof a simpleGLM

Herewewill useSASproc glm to �t somesimpleGLM' s. Thisprocedureusesanidentity
link functionwith normallydistributederrorsanduses' least-squares'to estimatetheparam-
eters. The SAS programis presentin the �le dagis.sas, andwill be shown herein Courier
text:

Like this

while my commentsappearin this font.
All SAS programlines endwith a semicolon,andSAS ignoreslines that begin with an

asterisk.Thus,thefollowing line doesnothingbut supplyuswith information.

* simple linear regression;

The next line givesus someprinting options. I' ll eliminatethis material in the future
listings,thoughthey will bepresentin theprogram�les.

options linesize=75 pagesize = 64;

SASworkswith datasets,whichhave to begivennames.Herewecreateadatasetcalled
dagis,andread4 variablesdirectly into it with the cardsstatement.The four variablesare
sex (a charactervariable),wt, height,andones.Thevariableonestakesthevalueof 1 for all
observations. Dataarearrangedin a rectangularmatrix, with observationscorrespondingto
therows,anddifferentvariablesin eachcolumn.

data dagis;
input sex $ wt height ones;
cards;
M 17 110 1
M 15 105 1
M 12 100 1
F 15 104 1
F 16 106 1
F 14 102 1

run;

Thenext portionof SAScodeusesproc gplot to producesomegraphs:

proc gplot;
plot height*wt;
plot wt*height;

run;
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Thenext two statements�t a linearmodelor GLM. In the�rst, thedependentvariableis
height,andtheindependentvariableis wt. This is reversedin thesecondmodel.This pattern
(thedependentvariablefollowedby the= sign,andthentheindependentvariables)is onewe
will seein proc genmod. Notethatbothheightandweightarecontinuousvariables.

proc glm;
model height = wt;

run;

We canalso�t aGLM with wt asthedependentvariableandheightastheLP.

proc glm;
model wt = height;

run;

The next modelusesthe class statementto createindicatorvariablesfor sex, because
this is a categoricalvariable.Theseindicatorvariablesarethenusedastheindependentvari-
ablesin themodel. If we wantto seetheactualparameterestimatesfor eachof theindicator
variables,weneedto givethesolution optionafterthe'/' in themodel statement.

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

run;

SAS proc glm �ts (by default) an interceptterm in all models. This canbe replaced
by our variable'ones', andthe intercepttermprovidedby SAS is removedwith thenoint
option.

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

run;

The informationprovided by the indicatorvariablestogetherwith the interceptterm is
overlapping(aliased).SASeliminatesoneof thesevariables.In thetwo previousexamples,
thealiasedvariableremovedwasthelastone(i.e. theindicatorvariablethatwasequalto one
whensex was'M'). This is only oneway (of many possibleways)to dealwith thealiasing.
If we remove theinterceptto avoid aliasing,themodel�t is thesame,but theparametersare
different.In the�rst two exampleswith theinterceptterm,theinterceptparameterrepresents
theweightof theboys, andtheparameterestimatefor thegirls is thedifferencebetweenthe
weightof thegirls andtheboys.
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proc glm;
class sex;
model wt = sex /noint solution;
means sex;

run;

Without the interceptterm, the regressionparametersfor the indicatorvariablescreated
for sex representtheaverageweightof theboysandtheaverageweightof thegirls.

Modelscanalsocombinebothcontinuousvariablesandtheindicatorvariablescreatedby
theclass statement.Interpretationof theparametersfrom thesemodelsis takenup later.

proc glm;
class sex;
model wt = height sex /solution;

run;

In thismodel,weassumeaneffectof heighton weight,andaneffectof sex onweight.

proc glm;
class sex;
model wt = height sex sex*height /solution;

run;

In the previous model, we can also examinean interactionbetweensex and height in
additionto theeffectof heightandsex.

proc glm;
class sex;
model wt = sex sex*height /noint solution;

run;

The�nal modelis exactly thesameastheonebefore(aneffectof sex, aneffectof height,
and an interactionbetweenthem), but we calculatethe parametersdifferently, so that we
obtainthe interceptandslopeof thetwo linespredictingweightasa functionof height,one
for theboysandonefor thegirls.
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3 Unconditional Logistic Regression

Unconditionallogistic regression(often referredto aslogistic regression)is alsodonewith
a GLM, but usinga different link function and differenterrors. In this case,the outcome
consistsof thenumberof successesthatresultedfrom a givennumberof trials. For example,
we may �ip a coin 25 timesandnotethe numberof timesit shows heads. Assumethat it
comesupheads14times.Thenumberof trials in thiscaseis 25,andthenumberof successes
14. Sincetheoutcomeis aproportion,wecanusethebinomialerrordistributionin ourGLM.
The systematiccomponentcan be a mixture of categorical or continuousvariables. They
musthavealinear relationshipto eachother, but thatis trueof all linearpredictors.In logistic
regression,weusethelogit (logistic transformation)asthelink function.

We de�ne

logit (y) = ln
y

1 � y

Plantpathologistsanddiseaseepidemiologistswill recognizethelogistic transformation.
For a compoundinterestdisease,a plot of the the logit transformeddiseaseproportionover
timeapproximatesastraightline, theslopeof which is theparameterr , theapparentinfection
rate(19). Logistic regressioncanbe usedto calculater if diseaseincidenceis the measure
andyouknow numbersof plants(not justproportionsor percent).

In logistic regression,wethereforerelatethelogit of theproportionto thelinearpredictor.
Thediscrepanciesbetweentheobservedproportionof eventsandthetrueproportionof events
is accountedfor by allowing thepredictedproportionto haveabinomialerrordistribution.

Figure1 givesagraphicalrepresentationof thelogistic transformation.Equippedwith the
logit (equation1), you caneasilycalculatetheproportion(equation2). Notethatthelogit of
zeroor oneis notde�ned.

y = ln
p

1 � p
(equation1)

p =
ey

1 + ey
=

1
1 + 1

ey

(equation2)

In practice,we canno longeruseleast-squares(the techniqueusedin proc glm and
proc anova ) to estimatethe logistic models. Most moderntechniquesrely on a numer-
ical solution,wherethe initial estimatesarecontinuallyre�ned until they canbe no longer
improved (i.e. maximizethe likelihood). The examplespresentedherearebasedon proc
genmod in SAS, which is much like the original programGLIM (4) originally written to
estimatethesegenerallinearmodels.

Proc genmod usesa techniquecalledNewton-Raphsonto maximizethe likelihoodof
theregressionparameters(the� 's in theLP), giventhedatathatwereobserved. This likeli-
hoodmaximizationis akin to climbing a hill, wherea hiker canestimatethepositionof the
top of thehill giventheslopeandhow curved thesurfaceis. This techniquealsocalculates
the'curviness'of thelikelihoodsurface,andthis informationis usedto calculatethestandard
errorof theestimates.
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A likelihoodcurve might look like �gure 2, which is from a casecontrol examplepre-
sentedby Ahlbom(1).

3.1 A Numeric Example

Logistic regressioncanbeusedto analyzecontingency tabledatathatcomparetheprediction
of diseasewith theactualoutcome.Supposethatthedataarearrangedasin table2.

Predictor
Truestatus Spray Don't Spray Total
Diseased A B A+B
Not Diseased C D C+D
Total A+C B+D A+B+C+D

Table2: A 2 x 2 tablewith predictionsandactualoutcomes.

Onemeasurethat could be usedto evaluatethesedatais the oddsratio. This would be
theoddsof diseaseoccurringin the�elds whereasprayis predicted,comparedto theoddsof
diseaseoccurringin the�elds wherethespraysarenotpredicted.Thiswouldbecalculatedas

A
C
B
D

P

0 . 0

0 . 1

0 . 2

0 . 3

0 . 4

0 . 5

0 . 6

0 . 7

0 . 8

0 . 9

1 . 0

Y

- 5 - 4 - 3 - 2 - 1 0 1 2 3 4 5

Figure1: Proportion'p' asa functionof logit(p).
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0 . 0 0

0 . 4 7

0 . 9 3

1 . 4 0

B1

- 1 . 4 0
- 0 . 9 3

- 0 . 4 7
0 . 0 0

B0

L L

- 2 8 8 . 0 6

- 2 7 0 . 0 7

- 2 5 2 . 0 9

- 2 3 4 . 1 1

Figure2: Likelihoodsurface,with the logarithmof the likelihood(LL) plottedasa function
of theregressionparameterestimatesB0 andB1.

or

AD
BC

usingtheinformationpresentedin table2.
This is alsothemethodusedfor case/controlstudiesin humanepidemiology. A detailed

descriptionof therationalebehindcase/controlstudiesis outsidethescopeof this article,but
in the calculationof the oddsratio, the unequalsamplingof casesandcontrolsappearsin
both the numeratorandthe denominator, andis thuscancelledout. For further information
speci�cally onthesetypesof studies,anintroductorytextbookin humandiseaseepidemiology
suchasAhlbom's text (1), or HosmerandLemeshow (6) wouldbeagoodstartingpoint.

Wecanusethedatapresentedby Jones(8) ontheuseof diseaseincidenceatgrowth stage
30 to predict the pro�tability of a fungicideapplication,wherean applicationwas recom-
mendedif morethan20%of thetillers wereinfected.Thedatawerearrangedin a2 x 2 table
(table3).

Thesedatawouldhaveanoddsratio (OR) of

(28)(7)
(10)(13)

= 1:5: (equation3)

A simpleexampleof suchadatasetmightbeonewhereeachline consistsof information
on a single�eld. If we choosethis arrangement,thenthedata�le would have 58 lines. The
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�rst 28 lines(representingcell A) might look like this:

1 dis_pred

wherethe 1 representsthe true status(a treatmentwasjusti�ed) anddis predrepresents
exceeding20%infectedtillers atGS30.

This wouldbefollowedby 13 lines(cell B) like this:

1 nod_pred

Cell C wouldberepresentedby 10 lineslike this:

0 dis_pred

andcell D wouldbe7 lineslike this:

0 nod_pred

Thedata�le couldbereadin like this,assumingthedata�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 asthedenominatorin theregression.We canperformtheregressionby
invokingproc genmod.

proc genmod;
class dis20;
model true_d/atrisk = dis20/link=logit error=binomial;

run;

predictor
apply treat-
ment

withhold
treatment

total

Truesta-
tus

treatment
justi�ed

28 13 41

treatment
not justi�ed

10 7 17

Table3: Eyespotpredictor.
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In proc genmod we mustspecifya link function andan error distribution, which for
logistic regressionare logit andbinomial, respectively. The dependentvariableconsistsof
two partsfor logistic regression.The �rst is the outcomevariable(true d in this case),and
theotheris thenumberof trials. Sinceeach�eld representsa trial in this dataset,this is the
variableatrisk, which is alwaysequalto one. The classstatementis usedwith the variable
dis20 to createindicatorvariables. SAS sortsvariablesin alphabeticalorder, and thus the
nod predgroupbecomesthereferencegroup.

The�le eyespot.datandtheSASprogramsimple.sasshouldbeavailablefor youto try this
regressionyourself.Outputfrom theprogramsimple.sasis presentedin �gure 3.

The�rst sectionpresentsasummaryof thetypeof modelthatis being�tted, followedby
informationon theclassvariables.Variousmeasuresof goodnessof �t comenext, followed
by parameterestimates.Onecanseethat the estimatefor dis20whenit takesthe valueof
dis predis 0.4106.Thisis thenaturallogarithmof theoddsof diseaseexceedingtheeconomic
thresholdin those�elds wherediseasewaspredicted,comparedto theoddsof diseasein the
�elds wherediseasewasnotpredicted.As wouldbeexpected,

e0:4106 = 1:50

which is thesameaswhatwegetfrom calculatingtheoddsratio by hand.(equation3).
Theoddsof diseaseexceedingtheeconomicthresholdfor those�elds wheretherewasno

predictionof diseaseis

13
7

= 1:857

This numbercanalsobe found in the SAS outputasasthe interceptterm,althoughthe
numberpresentedis thenaturallogarithm,i.e.

e0:6190 = 1:857

3.2 Another Numeric Exampleof Logistic Regression

In thisexamplefrom abookfor ecologists(3), thedataaregrouped,sothatwehaveanumber
of trials, anda numberfor the outcomeon eachline. In addition,we needthe independent
variable.Thiswasanexperimentwhereapproximately40 insectswereplacedin petridishes,
and exposedto varying levels of a chemical. After a �x ed periodof time, the numberof
insectskilled by thechemicalwerecounted.

Herewe readthe �le dishes.datandhave thevariablesdose(a continuousvariable),the
numberof deadinsects(thedependentvariable)andthevariableinitial (thenumberof insects
placedin eachdish). In additionwe createa seconddependentvariableby calculatingthe
naturallogarithmof dose.

Thedata�le dishes.datis anordinarytext �le thatlookslike this:

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
Link Function                        Logit
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

Deviance                  56         69.6993          1.2446
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                

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    �0.7580     1.5792      0.47
dis20       nod_pred    0     0.0000     0.0000     0.0000     0.0000       .  
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                            

NOTE: The scale parameter was held fixed.

General Model
information

Goodness
of fit

where disease was not predicted)

This value represents the log(odds of disease in the fields where

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

Important Estimates and standard errors

disease was predicted divided by the odds of disease in the fields

Figure3: Outputfrom asimplelogistic regressionfrom theeyespotdata.
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2 4 40
5 8 38
10 11 40
20 19 39
50 28 40
100 38 40

TheSAScodeto readin thedatalookslike this:

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

run;

We thenrun proc genmod. Thedependentvariablehastwo parts,theoutcome(dead)
andthedenominator(thenumberof trials,in thiscasethevariableinitial). This is followedby
thedependentvariable(dose),andthena slash(/). We thentell genmod which link function
we areusing(logit link) andwhat error distribution we areusing. Binomial errorscanbe
abbreviatedwith theletterb.

proc genmod;
model dead/initial = dose /

link=logit error=b;
run;

Outputis presentedin �gure 4. Sincetherewasno class statement,this informationis
missingfrom theoutput.In addition,theregressionparameterfor dose(which is acontinuous
variablehere)representsthechangein thelogarithmof thepredictedoddsof aninsectdying
asthedosechanges.

proc genmod;
model dead/initial = dose /

link=logit error=b;
run;

Crawley alsosuggested�tting the logarithmof doseasthe independentvariable.This is
easilydonewith thefollowing SASstatements,andtheoutputcanbeseenin �gure 5.

proc genmod;
model dead/initial = ldose

/link=logit error=b;
run;

The sasprogramsfor readingthe dataand�tting thesemodelscanbe found in the �le
bugs.sas.
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The SAS System                              1
16:56 Wednesday, October 2, 2002

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�
Parameter  DF  Estimate     Error   Confidence Limits   Square  Pr > ChiSq

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       0    1.0000    0.0000    1.0000    1.0000                     

NOTE: The scale parameter was held fixed.

Figure4: Outputfrom asimplelogistic regressionfrom theinsectdata.

ThePlant HealthInstructor, 2006 DecisionRules,page18



The SAS System                              2
16:56 Wednesday, October 2, 2002

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�
Parameter  DF  Estimate     Error   Confidence Limits   Square  Pr > ChiSq

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

NOTE: The scale parameter was held fixed.

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

In practice,we have several independentvariables.The simplestmultivariatemodelsmight
only have oneadditionalvariable,perhapssomesortof blockingfactor. Hereis a simpleex-
amplewith measurementsof plantdamageatdifferentozonelevels(11). Beanswereexposed
to 3 levelsof ozonein growth chamberswith 4 differentsectionsin eachchamber.

Chambersection
Ozone(in ppm) 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 low 3 1 2 1
0.40 high 56 63 62 46

Table4: Strati�ed datafor logistic regression.

Thedatacanbereaddirectlyinto SASusingthecardsstatement.Thedataandtheanalyses
arein the�le strata1.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 C 39 1

...more data lines follow

In thiscaseweinputthedatawith twoadditionalvariables.The�rst is afrequency variable
indicatingthenumberof plants.Theotheroneis thesectionof thechamber. We alsocreate
a binaryvariablethat takesthevalueof 1 whenthe injury is 'high' andis otherwise0. The
originaldataappearin tabular form in table4.

To performananalysiswith thesedatausinggenmod, onecanusethe freq statement
to indicatethatthevariablenumberrepresentsthefrequency of thatobservation.We thenrun
two models,onewith only section,andanotherwith bothsectionandozoneexposurein the
class statement(to createindicatorvariablesfor both)andin themodelstatement.

proc genmod;
freq number;
class section ;
model injury/ones= section ozone/
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link=logit error=b ;

proc genmod;
freq number;
class section ozone;
model injury/ones= section ozone/

link=logit error=b ;

The SASprogramstrata1.sasgivesus regressionresultsfor two analyses.The �rst one
presentsonly the resultsof including the chambersectionasan independentvariable(�g-
ure6).

Thesecondpage(�gure 7) shows theeffect of includingbothozoneandchambersection
in theanalyses.

Wecanperformalikelihoodratio test(table5) to determinetheimportanceof thevariable
'ozone' We do this by calculatingthe differencein -2 timesthe log-likelihoodbetweenthe
two models,andthencomparingthis amountto a � 2 distributedvariable,with thenumberof
degreesof freedomequalto thedifferencein degreesof freedombetweenthetwo models.

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

Table5: A LikelihoodRatioTestfor ozoneexposure,adjustedfor section.

Thedifferencebetweenthe two modelsis thencheckedagainsta � 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    A B C D   
ozone             3    0 0.2 0.4 

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   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.

Figure6: Outputfrom theozonedatawith 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    A B C D   
ozone             3    0 0.2 0.4 

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     0    0.0000    0.0000    0.0000    0.0000      .         .    
ozone      0     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 regressionwith bothsectionandozoneincluded.
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5 Devianceand Goodnessof Fit

A modelattemptsto replacetheobservedy'swith �tted values.In general,these�tted values
do not agreeexactlywith theobservedvalues.It is quiteeasyto seethatsmalldiscrepancies
arepermissable,whereaslargeonesarenot.

Wecanthink of modelconstructionasaprocesswheremoreandmorevariablesareadded
to theLP. Thesimplestmodelhasonly oneparameter, representingthemeanvalue.Themost
complicatedmodelhasoneparameterfor eachobservation. The simplestmodel(the mean
only) generallygiveslittle insight into theprocessesbehindthedata.Themostcomplicated
model(oftenreferredto asasaturatedmodel)is alsoof little use,sinceit merelyreplacesthe
observationsthemselveswith anequalnumberof regressionparameters.Sincethegoalof our
statisticsis to condensetheinformation,this full modelis, in practice,of little use.

For agivensetof data,therewill belargerdiscrepanciesfor thesimplermodel,andsmaller
discrepanciesfor themorecomplicatedmodels.

Therearea numberof differentmeasuresof goodnessof �t but theonesmostcommonly
usedin GLM' sarethedevianceandPearson� 2.

Thedevianceis formedfrom the logarithmof the ratio of two likelihoods.Oneof these
is the likelihoodof the currentmodel. The other is the likelihoodof the saturatedmodel.
Deviance(D) is calculatedasfollows:

D = � 2log
� current

saturated

�

Wherecurrent andsaturated are the likelihoodsof the currentandsaturatedmodels,
respectively.

Notethatwecanmanipulatethis formulasothat

D = � 2log(current) + 2log(saturated)

In practice,if we have single�elds (asin the eyespotdata)or plants(suchasthe ozone
data)in eachstrata,sothatthenumber'atrisk' in eachobservationis equalto 1, thelikelihood
of asaturatedmodelis 1, andthedeviancereportedfor themodelequals2 timesthelog like-
lihood of thecurrentmodel. If we have groupeddata(suchastheinsectdata),thelikelihood
of thesaturatedmodelis no longer1. If this is thecase,thenthe'deviance' reportedby SAS
is no longerequalto -2 timesthelog-likelihood.

Theserepresentthe two ways in which datafor logistic regressioncan be entered. In
practice,if wecon�ne thelikelihoodratiostatisticsthatwecalculateto thedifferencesbetween
two models,it matterslittle whichwayweenterthedata.Whereit makesadifferenceis in the
interpretationof theresidualdeviance�gure from asinglemodel.If wehavedataobservations
consistingof many trials with agivennumberof outcomesasthedependentvariable(i.e. the
denominatorin the modelstatementis not one), thenthe residualdevianceis a reasonable
indicatorof goodnessof �t. If this is not thecase,andthedataconsistof singletrials, then
the goodnessof �t mustbe determinedby someothermeans.Oneof theseis the Hosmer-
Lemeshow test,which is coveredin their book(6).
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Theothermeasureof goodnessof �t is thePearson� 2 statisticwhich takestheform

� 2 =
X (y � �̂ )2

V(�̂ )

whereV(�̂ ) is the variancefunction for thedistribution. For thenormallink, this is the
residualsumsof squares,but for thebinomialor poissonerror, this is theoriginalPearson� 2

statistic.
Either of thesecanalsobe divided by the scaleparameterin the caseof over-dispersed

data.
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6 A DetailedAnalysiswith Analysisof Deviance

In practice,oneoften hasmany differentvariables,someof which may be relatedto each
other. This meansthatvariablesthatareinsigni�cant by themselvesmaybecomesigni�cant
whenothersareadded.The oppositemay alsooccur, in that variablesmay containsimilar
information,sothatthey aresigni�cant by themselves,but losesigni�cancewhentherelated
variablesareadded.In eithercase,this meansthat theresultsof a singleregressionis often
insuf�cient to evaluatewhich variablesshouldbeincluded.

6.1 An initial look at the data

A strategy that is often used(at leastfor the initial selectionof variablesin a regression)is
to �t all thevariablesby themselvesat �rst, andthenincludeall thevariablesin a regression.
A suitablesubsetof variablescan then be selected,basedin part on signi�cance level by
themselvesor togetherwith othervariables,in parton subject-matterconsiderationsandthen
testedin amodel.

Anotherstrategy is to addthevariablesto a model,makingit increasinglycomplex. Still,
onemustusethesubjectmatterconsiderationsin addingthedifferentvariables.

Oneextra featurein theSASgenmod procedurethatmakesthiseasieris thetype1 and
type3 optionsthatcanbeincludedat theendof themodelstatement.Thesegeneratetables
thatdescribethechangein deviancethatroughlycorrespondsto thetype1 andtype3 sums
of squareson otherSASprocedures.Thetype1 tabledescribesthechangesin devianceas
variablesareaddedto the model(the orderbeingthe sameasthat in the modelstatement),
whereasthetype3 tabledocumentsthechangesthatoccurwhenthevariableis addedlast.

For thisexample,weusethedataonoccurrenceof Sclerotiniastemrot (causedby Sclero-
tinia sclerotiorum) in canola.Consulttheoriginal paper(21) for additionaldetailsaboutthis
study. Thedataareavailablein atext �le risk.txtandvaluesaredelimitedby thetabcharacter.
It canbereadin with thefollowing statementswhichcanbefoundin the�le can rd.sas.

data riskset;
infile 'risk.txt' lrecl=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 = 'b';
* number of years 1-4 years highest risk group;
if p_inf = 'd' then p_inf='z';
*make 0 last time reference prev inf;
if apo_r = 'a' then apo_r='b';
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*condense ref group to 0-5 apothecia;

angr2 = angr*2;
if angr > 20 then need = 1;
else need = 0;
at_risk=1;

run;

Recodingof someof the variablesalsotakesplacein this datastep,andthe dependent
variable,need,is established.A simplemodelto examinethe effect of oneof thevariables
(nyr in this case)would thenappearasthefollowing

proc genmod;
class nyr;
model need/at_risk = nyr /

link = logit
error = binomial
type1;

run;

You could load the �le can rd.sasand type in the above lines to �t this model. Since
muchof theprogrammingis repeatedfor thesinglevariablemodels,however, thereis another
approachto �tting thesevariables.In the�le can single.sasthereis aSASmacrothatis used
to run thesinglevariablemodels

%macro onefit(varname);
proc genmod;

class &varname;
model need/at_risk = &varname /

link = logit
error = binomial
maxit=100
type1;

run;
%mend;

This macrois thenusedas follows, saving us a little writing, thoughthe output is not
shown here.For thesake of simplicity (if onecanconsider6 variablessimple)we focusour
attentionon only a subsetof of the variables. Thesecan be �t with the remainderof the
programin can single.sas.

%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;

This is aratherlengthyoutput,andweshoulddirectourattentionontheexplanatoryvalue
of eachof the variableswhen�tted singly. This informationis summarizedin table6. The
importanceof eachof thevariablesis judgedby comparingthedeviancechangeagainsta � 2

distribution.

Variable DevianceChange d.f.
nyr 1.10 2
p inf 18.28 5
foliage 12.39 2
june 40.62 2
forec 12.61 2
apo r 51.08 2

Table6: Deviancechangesfrom �tting thevariablessingly.

From the resultsof this table, we might suspectthat 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 variablesandthetype3analysisis 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.sas) givesustheoutputshown in �gures 8 and9.

6.2 Towards a full model

If we look at the lastpartof �gure 9, we canseethatsomevariables(suchasnyr andp inf)
aresigni�cant, whereasasjune is not. Surprisinglythevariableassociatedwith thenumber
of yearssincethelastcrophasbecomesigni�cant, andcannow changethedevianceby 8.67
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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    b c d       
p_inf             6    a b c e f z 
foliage           3    a b c       
june              3    a b c       
forec             3    a b c       
apo_r             3    b c d       

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�
Parameter     DF  Estimate     Error   Confidence Limits   Square  Pr > ChiSq

Intercept      1  �11.3959    2.3681  �16.0373   �6.7546    23.16      <.0001
nyr        b   1   �1.6121    1.0106   �3.5928    0.3687     2.54      0.1107
nyr        c   1    0.9386    0.5850   �0.2080    2.0852     2.57      0.1086
nyr        d   0    0.0000    0.0000    0.0000    0.0000      .         .    
p_inf      a   1    4.7995    1.5795    1.7036    7.8953     9.23      0.0024
p_inf      b   1    1.5993    1.6136   �1.5633    4.7619     0.98      0.3216
p_inf      c   1    1.3262    1.3336   �1.2876    3.9401     0.99      0.3200
p_inf      e   1    2.8676    1.4156    0.0932    5.6421     4.10      0.0428
p_inf      f   1    2.1117    1.3649   �0.5635    4.7869     2.39      0.1218
p_inf      z   0    0.0000    0.0000    0.0000    0.0000      .         .    
foliage    a   1    3.5732    1.2442    1.1345    6.0118     8.25      0.0041
foliage    b   1    2.7464    1.0861    0.6176    4.8752     6.39      0.0115

Figure8: Outputfrom regressionwith all variables(page1).
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The SAS System                                2
14:46 Thursday, January 30, 2003

The GENMOD Procedure

Analysis Of Parameter Estimates

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

foliage    c   0    0.0000    0.0000    0.0000    0.0000      .         .    
june       a   1    0.5597    0.9305   �1.2641    2.3835     0.36      0.5475
june       b   1    1.0694    0.6876   �0.2784    2.4171     2.42      0.1199
june       c   0    0.0000    0.0000    0.0000    0.0000      .         .    
forec      a   1    3.3936    1.5444    0.3666    6.4206     4.83      0.0280
forec      b   1    3.0869    1.1898    0.7548    5.4189     6.73      0.0095
forec      c   0    0.0000    0.0000    0.0000    0.0000      .         .    
apo_r      b   1    3.2469    1.0524    1.1842    5.3097     9.52      0.0020
apo_r      c   1    4.2340    1.2394    1.8048    6.6632    11.67      0.0006
apo_r      d   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.

LR Statistics For Type 3 Analysis

Chi�
Source           DF     Square    Pr > ChiSq

nyr               2       8.67        0.0131
p_inf             5      15.93        0.0070
foliage           2      12.33        0.0021
june              2       2.43        0.2974
forec             2      12.06        0.0024
apo_r             2      18.92        <.0001

Figure9: Outputfrom regressionwith all variables(page2).
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when it is enteredlast into the model. It is obviously confoundedwith someof the other
variables.

Fromthesinglevariableanalysesandtheprecedingdiscussionabouttherainvariable,the
variablesp inf, foliage, forec, andapo r shouldbe includedin the model. Onemight try a
reducedmodel, removing the variablejune, to seeif the variablesthat are importantretain
their signi�canceevenin theabsenceof thejunevariable.

This canbe�t by themodelincludedin theprogramcan red.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 type1;

run;

Theoutputfrom this reducedmodelis presentedin �gure 10 and11.
Examinationof theoutputfrom thereducedmodelrevealsthatall variablesarestill sig-

ni�cant, andcon�rms therationalebehindtheomissionof thevariablecorrespondingto the
rain in June.

An analysisof deviancetable(table7) canbeconstructedfrom thetype1 analysistable,
but sincethereis internalcorrelationamongthevariables,onemustrememberthattheactual
changesin deviancereportedaredependenton theorderin which thevariablesare�t. Here
the residualdevianceis the unexplainedvariation after �tting a model, and the changein
devianceis thedifferencebetweenthatmodelandthepreviousone.Thelatteris comparedto
a � 2 distributionasasigni�cancetest.

Model Description ResidualDeviance 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 + apo r 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 fast rules as to
how it shouldbedone.Knowledgeof thebiology of a particularsituationis likely to bethe

ThePlant HealthInstructor, 2006 DecisionRules,page31



The SAS System                                1
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

Class        Levels    Values

p_inf             6    a b c e f z 
foliage           3    a b c       
forec             3    a b c       
apo_r             3    b c d       
nyr               3    b c d       

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                

Algorithm converged.                                                       

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    1.5934    1.6932    7.9390     9.14      0.0025
p_inf      b   1    1.6915    1.6294   �1.5021    4.8850     1.08      0.2992
p_inf      c   1    1.2803    1.3363   �1.3387    3.8993     0.92      0.3380
p_inf      e   1    2.9024    1.4178    0.1237    5.6812     4.19      0.0406
p_inf      f   1    2.1873    1.3678   �0.4936    4.8682     2.56      0.1098
p_inf      z   0    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    c   0    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    2.9347    1.1738    0.6341    5.2353     6.25      0.0124
forec      c   0    0.0000    0.0000    0.0000    0.0000      .         .    

Figure10: Outputfrom regressionwith a reducedsetof variables(page1).
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The SAS System                                2
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   0    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    0.9839    0.5831   �0.1591    2.1268     2.85      0.0916
nyr        d   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.

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             5      15.86        0.0072
foliage           2      14.12        0.0009
forec             2      11.71        0.0029
apo_r             2      43.63        <.0001
nyr               2       9.44        0.0089

Figure11: Outputfrom regressionwith a reducedsetof variables(page2).
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singlemostimportantfactorin themodel-�tting process,sinceonewantsamodelthatmakes
biological sense.Even aspectssuchassigni�cance level, however, are not �x ed in stone.
While we readilyuseasigni�cancelevel of 5%without toomuchquestioning,onecanargue
why it shouldbejust5 andnot4 or 6 percentinstead.An alternativeis to examineprobability
levelsinsteadof merelydescribingthingsassigni�cant or not.
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7 Receiver Operating Characteristic Curves

Receiver operatingcurvescanbe usedasa methodto comparepredictionsfor disease(21).
Thecurvescanprovide informationregardinghow often thepredictionsarecorrect(andin-
correct),andprovideagraphicmethodof comparingdifferentpredictionssystems.

Assumethata diseasepredictionalgorithmcanproducea rangeof values.This couldre-
sult from varyingweightsor pointsbeinggivento thevariousanswersfrom certainquestions,
suchasnumberof yearssincethelastsusceptiblecropwasgrown, or thequality of theseed
material. Assumethat it is never a perfectpredictor, andthat any decisionthresholdbased
on thisalgorithm(suchas'sprayif thepoint accumulationis abovea givenlevel') yieldsone
of four possiblesituations,for a given economicinjury level (assumedto be 20 % in this
example).

DiseaseExceeds20% Diseaselessthan20%
Spray A B
Don't Spray C D
Total A+C B+D

A/(A+C) TruePositive B/(B+D) FalsePositive

Table8: TrueandFalsePositiveRates.

ThecellsA andD in table8 representthenumberof correctdecisions,whereasB andC
representthe incorrectdecisions.If a total of A+C �elds hada �nal diseaselevel over 20%
(assumingthis is theeconomicinjury threshold(22)),andouralgorithmpredictedthiswould
occurin A �elds, thenthetruepositive rate(TP) would beA/(A+C). Thetruepositive rateis
alsocalledthesensitivityof thepredictor. Likewise,if (B+D) �elds hada �nal diseaselevel
lessthan20%,andour algorithmrecommendeda sprayfor B of these�elds, thenthe false
positive rate(FP) would be B/(B+D). Anotherquantityusedis the true negative rate(TN),
which is theproportionof negativecasescorrectlyidenti�ed. In table8 it wouldbeD/(B+D).
Thisquantityis alsoreferredto asthespeci�city of thepredictor. Obviously, TN + FP= 1.0.

The TP andFP ratescanbe affectedby changingthe decisionthreshold.For example,
recommendinga spraywith a lower point accumulationwould increasetheTP rate,but may
alsoincreasetheFPrate. An idealalgorithmwould maximizetheTP rateandminimizethe
FPrate.

The relationshipbetweenTP andFP for the risk predictionalgorithmscanbe examined
graphicallyby plottingreceiveroperatingcharacteristic(ROC)curves(13). Thesecurvesplot
theTPasafunctionof theFPatall possibledecisionthresholds.An ROCcurvemightappear
as in �gure 12 (21). This curve canbe generatedwith the SAS statementsin the program
canola1.sas. This programcontainsa SASmacrothatchoosesdifferentdecisionthresholds
andtabulatesthedifferentvaluesfor trueandfalsepositiverates,andgeneratestheROCcurve
for theoriginal risk algorithm. A programthatgeneratestheROC curve for therecalibrated
risk algorithm(theonegeneratedin thepreviouschapterusingtheprogramcan red.sas) can
begeneratedby runningtheprogramreducedroc.sas.
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Figure12: A ROC curve from anuncalibratedrisk predictionalgorithm.

In anROC curve usingour example,theorigin of thegraphrepresentsthedecision'not-
to-spray'for all �elds. Thisdecisionyieldsno falsepositives(i.e. a recommendationto spray
in theabsenceof theneedto spray:thequantityB in table8 is 0) but capturesnotruepositives
(recommendingasprayfor those�elds thattruly requireone:thequantityA in table8 is also
0). Theupperright cornerwould recommendsprayingall �elds, thusdetectingall �elds that
truly requirea spray(C = 0, TP rate= 1) but alsorecommendinga sprayfor all �elds thatdo
not requirethem(D=0, FP = 1). An ef�cient algorithmwould yield a curve 'pushedto the
upperleft corner'.

ROC curvescanalsobedrawn plotting theTP asa functionof theTN, or thesensitivity
asa functionof thespeci�city (15). This is equivalentto �ipping thegraphsaroundavertical
axis,andanef�cient algorithmis thuspushedto theupperright cornerinstead.

The useof ROC curvesis a methodof comparingrisk algorithmsthat doesnot rely on
thealgorithmshaving thesamescale.Figure13 (21) comparestwo decisionalgorithmsthat
have differentscalesbut are basedon the samedataset. This graphcan be generatedby
the SAS programdblroc.sas. It usesdatasetscreatedby the programscanola1.sasandre-
ducedroc.sas, somakesureyou havealreadyrunbothof theseprograms.

An addedadvantageof usingROC curvesis thatit allows for �e xibility on thepartof the
decisionmaker. Variabledecisionthresholds,with varyingTPandFPrates,canre�ect therisk
attitudes(namedutility functionsin theeconomicsliterature)of thedecisionmaker. Thus,a
risk aversedecisionmakermaysethiscriterialevel furtherto theright onFigure13,andspray
his �elds with alower'point accumulation',whencomparedto adecisionmakermorewilling
to take risks. He couldtherebyincreasehis truepositiverate,but at thecostof increasinghis
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Figure 13: Comparingthe original and the recalibratedrisk predictionalgorithm. (From
reference21, with kind permissionof SpringerScienceandBusinessMedia.)

falsepositive rate. The advantageof theROC curvesis that the rateof both kindsof errors
(applyinganunneededspray, andmissinga neededspray, in our example)canbeestimated.
Given theseerror ratesandthe relative costsof both kinds of error, the decisionmaker can
determinea critical valuefor his decisionthreshold,thatre�ects hisattitudestowardrisk.

The developmentof risk assessmentalgorithmsneedsto be guidedby the requirements
the�nal algorithms.This is especiallyimportantif dataarederivedfrom surveyswhereoneis
limited by thenaturalvariationin theindependentvariablesandtheir differentcombinations.
If datafrom a wide variety of croppingsituations(variation in cultivars,cultural practices,
climateetc.)areusedto developalgorithms,theresultmayhavewiderapplicabilityif thedata
sethascapturedthenecessaryvariation.Likewise,restrictingthevariationin theunderlying
datamaynotpermitthediscoveryof importantfactors,merelybecausethey arealwayspresent
(or absent),thoughthis may not necessarilyaffect the validity of the resultingalgorithmin
thatparticularsetting.

An importantfactor to keepin mind is that a singleROC curve summarisesthe errors
involved for a singleeconomicinjury level. This level, of course,is in turn dependenton a
numberof factorsthatwe have little controlover. In practice,it maybemoreusefulto think
of a family of ROC curvesfor differenteconomicinjury levels,or anROC surfaceplot with
theeconomicinjury level asanadditionalvariable(7).

ThePlant HealthInstructor, 2006 DecisionRules,page37



8 Bayes's' Theoremand PestPrediction

The performanceof the predictorcanbe thencombinedwith generalinformationaboutthe
occurrenceof thepestusingBayes's' theorem(20). In Bayesianterms,thegeneraloccurrence
of thepestcanbeconsideredanunconditionalprobability, representinghow oftenwe would
expectthepestto occurbasedon pastexperience,but without usingany season-speci�cin-
formation. Thesearereferredto aspriors. Bayes's' theoremthenallows us to combinethe
informationin the prior (our expectationbasedon pastexperience)with the informationin
thepredictorto form a new probability, conditionalon this new information.This is referred
to asa conditionalprobability, sinceit is dependenton theinformationin thepredictor.

In mathematicalterms,Bayes's' theoremfor the simplecasewith only two possibilities
is:

Pr(AjB) =
Pr(B jA) Pr(A)

Pr(B jA) Pr(A) + Pr (B jA) Pr(A)
(equation4)

wherePr(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 representspest
occurrence,andB representsapositiveprediction.Notethatthesensitivity (Pr(B jA)) andthe
unconditionalprobabilityof pestoccurrenceoccurin boththenumeratorandthedenominator,
andthatthefalsepositiverate(Pr(B jA) alsooccursin thedenominator.

This can be madeeasierto handleby using oddsof the outcomesand calculatingthe
likelihoodratios(LR) of thepositive andnegativepredictions(20). Thelikelihoodratio of a
positive prediction,denotedLR(A; B), containscontainsinformationaboutboth speci�city
andsensitivity:

LR(A; B) =
Pr(B jA)

1 � Pr(B jA)
(equation5)

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

LR(A; B) =
1 � Pr(B jA)

Pr(B jA)
(equation6)

If we rewrite theprior probabilitiesasodds

odds(event) =
Pr(event)

1 � Pr(event)

we canwrite insteadof equation4:

odds(AjB) = odds(A) � LR(A; B) (equation7)

andalsoderiveasimilar relationshipfor theprobabilityof diseaseafteranegativepredic-
tion
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odds(AjB) = odds(A) � LR(A; B) (equation8)

For example,if a predictionalgorithmhasa sensitivity of 80%anda speci�city of 75%,
thentheLR for apositiveprediction(calculatedusingequation5) is

0:80
1 � 0:75

= 3:2

TheLR for anegativepredictionis

1 � 0:80
0:75

= 0:267

calculatedusingequation6.
If theprior oddsfor needinga spraywere1 in 10 (i.e. thepestoccurredonly 1 yearin 11

or 9%), thenafterapositivepredictiontheoddswouldbe(calculatedusingequation7)

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

or abouta 24% chancethat the pestwould occur. After a negative prediction,the odds
wouldbe

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

calculatedusingequation8.
How well doesthis work in practice? Onewould needinformationon both sensitivity

andspeci�city of thepredictor, alongwith somegeneralinformationon diseaseoccurrence.
In oneexample(20), the speci�city andsensitivity of a risk algorithmdevelopedby logis-
tic regression(17) on the risk of Sclerotiniastemrot of oil-seedrapewerecombinedwith
informationon prior probabilities(E. Twengstr̈om,personalcommunication).

Thisstudyutilizeda twenty-yearaveragefor theneedto applyfungicidesto controlScle-
rotinia stemrot in order to obtainprior probabilities. Several differentdecisionthresholds
wereusedcorrespondingto Figure1 in thearticleoriginally publishedby Twengstr̈om et al.
(18). The40 point thresholdyieldsapproximatelyequalratesfor thetwo typesof errors.A
lowerdecisionthresholdincreasessensitivity at thecostof reducedspeci�city. A higherdeci-
sion thresholdsacri�cessensitivity for increasedspeci�city. Thesedecisionthresholdswere
combinedwith thepriorsbasedonthetwenty-yearaveragesandsinglehighestyearvaluesfor
UpplandandVästmanland.A rangeof posteriorprobabilitieswereobtained.

Theauthorsconcludedthatfor extremelyrareor extremelycommonpests,it is impractical
to developpestpredictionsystemsthatwill receive widespreadacceptanceunlessthey have
extremelyhigh sensitivity andspeci�city. For rarepests,the prior oddsof pestoccurrence
is low, andthusa testwith an extremelyhigh LR for a positive test is requiredin orderfor
the testto increasethe oddsto the point whereactionmight be taken. In this case,it is the
speci�city of thetestthatwill increasetheLR for apositiveprediction.Evenif thesensitivity
of thetestwas100%,aspeci�city of only 95%will increasetheoddsonly 20-fold.
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For commonpests,a LR for a negative testwill have to bevery small in orderto reduce
the oddsof pestoccurrenceso thatno actionwould be taken. This is achievedby having a
testwith highsensitivity. If thespeci�city of a testis 100%,it will still requireasensitivity of
95%in orderto reducetheoddsof pestoccurrenceby a factorof 20.

Wider acceptanceof predictivesystemsmight beexpectedfor peststhatoccurabouthalf
thetime. Evenpredictorswith only modestperformancemightbeusedin thissituation,since
thereis no prior informationon the occurrenceof the pest. For moredetaileddescriptions
of thecalculationsanda moredetaileddiscussion,thereaderis referredto theoriginal paper
(20).
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9 Noteson installing the SASprograms

TheSASprogramsshown in table 9 shouldbeavailablein acompressedarchive.

Chapter program datasetsneeded
1 dagis.sas -
2 simple.sas eyespot.dat

bugs.sas dishes.dat
3 strata1.sas -
5 can rd.sas risk.txt

cansingle.sas risk.txt
canall.sas risk.txt
can red.sas risk.txt

6 canola1.sas risk.txt
reducedroc.sas� risk.txt

dblroc.sas� risk.txt

Table9: SAS programsincludedin the programarchive. � Be sureto run both canola1.sas
andreducedroc.sasbeforerunningdblroc.sas

The SAS statementsarewritten assumingthat all program�les anddatasetsarein the
directoryE:ndecision. If you chooseto placeyour �les in anotherdirectory, you will have
to make the necessarychangesin the SAS programs.This informationis in the statements
�lename andlibnameat thebeginningof theprograms.In addition,Unix usersmayhave to
changetheline delimiterin someof the�les in orderto avoid errors.

Programsthatgenerategraphswill usewindows (or a similar system)to presenttheon-
screengraphs.If you wantto generatepostscript�gures to incorporateinto otherdocuments,
youmaywanttochangethegraphicdriveroutinein sasasfollows(foundin change graph.sas):

filename 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 theprogramtestps write.sas, whichmodi�es thecanola1.sas
programto generateapostscript�le.

Theseprogramsweretestedwith SASversion9.1 for Windows,andversion8.2 running
underWindowsandLinux.
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