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Abstract 

The parameter values and assumptions of any economic model arc subject to change and 
error. Sensitivity analysis (SA), broadly defined, is the investigation of. these potential 
changes and errors and their impacts on condu.;;ior1s to be drawn from the model. There is 
a v~ry large literature on procedures and techniques for SAt hut it includes almost nothing 
from economists. This paper is a selective review and overview of theoretical and 
methodological issues in SA. Thrr~ are many possible U$CS of SA, described here wit.hin 
the categories of decision suppr rt; communication; increased understanding or 
quantification of the system; and model development. The paper focuses somewhat on 
decision support. It is argued that even the simplest approaches to SA can be theoreticaHy 
respectable in decision support if they are applied and interpreted in a way consistent with 
Bayesian decision theory. This h; not to say that SA results should be formally subjected to 
a Bayesian decision analysis, but that an understanding of Bayesian probability revision wiH 
help the mode11er plan and interpret a SA. Many different approaches· to SA arc described, 
varying in the experimental design used and in the way results are processed. Possible 
overall strategies for conducting SA arc suggested. It is proposed that when using SA for 
decision support, it can be very helpful to attempt to identify which -of the following forms 
of recommendation is most appropriate: (a) do X, (b) do either X or Y depending on the 
circumstances, (c) do either X or Y, whichever you like, (d) if in doubt, do X. A system for 
reporting and discussing SA results is recommended. 

l. Introduction 

The parameter values and assumptions of any economic mode} are subject to change and 
error. Sensitivity analysis (SA), broadly defined, is the investigation of ihese potential 
changes and errors and their impacts on conclusions to be drawn from the model (e.g. 
Baird~ 1989}. SA can be easy to do, easy to understand and easy to communicate. tt Js 
possibly the most useful and most widely used techniq~e available to applied e(~onomists 
(includi!lg agricultural economists). The imvortartce and usefulness .of SA is wid¢1y 
recognised. 

"A method,1logy for conducting a[sensitivity) analysis •• is a well establl$h~d 
requirement of any scientific discipline. A sensithtity .and stability ana}ysi~ shqtild:be 
an integral part of any solution methodology. The status-of a solution cannot be 



understood witht,1Ut such infom1ation. This has been •well tec()gnis~d since the 
inception of scientific inquiry and hf\S been explicitly addressed from the beginning of 
mathematics''. (Fiacco, 1983, p3). 

There is a very large and diverse literature on SA, including a number of reviews (e~g. 
Clemson ct at. t 1995; Eschenbttch and Gimpel, 1990; Hamby, 1994; {..()mas and Eppel, 
1992; Rios lnsuat 1990; Sobics7£7,-~·mski-Sobicski, 1990; 1'7.afcstas ct al., 1988)~ However, 
the existing literature is limited in a number of respects. Most of what has been written 
about sensitivity analysis hns taken a very narrow view ·of what. it is and what it can be 
useful for. A large propordnn of the literature is highly mathematical and rather theoretical 
in nature. 8vcn those papers with a focus on applied methodology hrwctended .to 
concentrate on systems and procedures which ate n~httively time consuming and complex to 
implement. There has bet·n almost no discussion of procedures and mcthodQlogical issues 
for simple approaches to sensitivity analysis. (Eschenbach and McKeague, 1989, is a rate 
exception). lnis is remarkable, considering the usefulness and extremely wide usage of 
simple approaches. 

The other area of notable neglect is the entire discipline of economics. Despite countle'ts 
applications of SA in the various areas of applied economics (e.g. Dungan and Wilson, 
1991; Nordblom ct al.~ 1994). there has been hardly any discussion of methodological 
issues for SA of economic models. Recent exceptions include Canova (1995), .Eschenbach 
and McKeague (1989), Eschenbach and Gimpel (t99(J), and Harrison and Vinod(1992). 
Agricultural economists appear to have contributed nothing to the literature about 
sensitivity analysis. 

This paper is an attempt to redress some of these areas of neglect. 11te focus is on 
.. normative" usage of models to develop recommendations for decision makcrst suc.h as 
managers. Many techni,Jues and procedures will be discussed, ranging from simple to 
complex. While it is acknowledged that some of the c.omplc:t procedures which have been 
proposed arc potentially of high value, the primary objective of this paper is to provide 
guidance and advice t<> improve the rigour and value of rc.latfvely simple approaches. lt 
will be argued that even the simplest approaches to SA can he theoretically respectable in 
decision support if they arc applied and interpreted in a way consistent with B~yesian 
decision theory. The paper is relevant to both optimisation and. simulation models used for 
decision support, although there is a greater emphasis on optimisa:ti(ln models in the 
discussion. 

l. Uses of Sensitivity Analysis 

There is a very wide range Qf uses to which sensitivity analysis is put. Anincomplete list is 
given in Table l. The, uses are grouped, into four m'l.in catcg<lrics: depisio:O' maJdog or 
develqpmcnt of recommeridatitm$ for decision makers; cornmu~ic~ti?n}, ,in<:rc~d 
tmderstattding or qqantit'icatiorl ofthe system; .~111d :mQqel deveiQpment. ,While ~If ;.these are 
potentially important, the primary focus llf this paper i$ on n1aking :<f~isi(lns or 
recom rttcndations. 

In all models, parameters are more•or-lcss uncert~n~ Th~ ·111od¢1let 'hvlilt;ely .to, be :uns\lr~ 



or thctr current vahl(~S nnd to be ~wen more tmocrt~in about their future v;~h•es. thi$.~ppHes 
to things like prices, c..~t,)St$t productivity and tcchnolugy .• lJnccrt~lioty ls (lJlc.. of the ptim~cy 
rca.~ms why sensitivity analysis is hcipful in ma:king decisions ur re~mnmcndndons" lf 
parameters ;src utmcrtain sensitivity ntlidysis can ghrc i.nformndnn Hk·c: 
(a) how f(lbust the opthmrJ solution is in the fact~ of different Jlaramcmr vahJe$ (usc t.t 

from l'ublc l ), 
(b) under whnt circumstances tbc opdmal solution wout(t change (us(~s L:2, 1.3, 1.5), 
(c) h(lW the updmat solution ch,\ngcs in difTcrlml citetJmstancc~ (use J.l)t 
(d) how much worse ~HX would tht!. dt~l~ision maker be if he or she ignurcd the changed 

circumstances :,tnd stny(~d with the. original uptimnl strategy or some ot.h~r striitcgy 
(uses 1.4~ L.fl), 

'Tab}i} J. Usc~f scnshivity nnnlysis 

1. Decision AfaJdnK ar /)(Jvefopment of Racommendati(}n.t for /)ecision Alaker,.,' 

t .1 Testing the robustness of an optimal solution. 
1.2 Identifying criticul value~~\, thrcshohlc; ot brctt'k .. cven values where the optimal strategy 
changes. 
1.3 Identifying sensitive or imtxlrtant variables. 
1.4 Investigating sub .. optinud solutions. 
1.5 Developing J.lcx.ibh.~ rccotnmendalions which depend on circunrstanccs. 
1.6 Comparing the values nf simple nod cnmplex decision strtltt!gie.';. 
L? Assessing the "riskiness" of n stnucgy or -sccnnrio. 

2. Communication 

2.1 Making rcc.ommcndations more credible, um.Jerstandablc, compc.Uing or Jlcrsua~~ivc. 
2.2 t\How.ing dccisiun tnakcr:s to select assumpth.ms.~ 
2.3 Conveying; luck of commitment to any single t\tratcgy. 

:l.l Estimating relationships between input: and tnUput variables. 
3.2 Understanding relationships between input andoutput variable..~. 
3.3 Dcvclt,ping hypothese."i f(lr tc.~dng 

4. ltfode/Oevclopmcnt 

4.1 ~resting the mod<!l (Qr validity (>r accurncy. 
4.2 ScilrQh~ng for crnns in lhe model.. 
4.3 SimplifYing the mQttcL 
4.4 Calibnttlqg the model, 
4 ... 5 CQping with ptx>.r or missihg data. 
4.6 P.tio~'iUSJtlg ~cq~l~Uitm (lf' in(<>tm~doJJ• 



Th.i$ i.nn1rmntion is c~tr.cmcly ~tahtttblc in makhu~ a decision: or rccornme.ndat.h.m. J r the 
<lnt.imaJ $t rutcgy is rdbust (immnshive t() changes tn :parnmctcrs) thi$ "llc)WR ·<:Otl fjU¢ncc in 
implementing ~)r rce.(mlmcn(Jfrl~ it. On the other hand lf h ·is nm, tcibush sensitivity anitJy.~is 
Cnll be usc(] to indicate bow fm~lrtnr1tit is. h) m~kcthc changes tnma"agel)lcnt/:mgg~-,tctl 
by the GhmJging (lJ}limulsohJti't.m. Pcrbnps the: basc ... case ~lluti<m is onlY: sHghll.y 
st.tb,optirtlal in the plRusH.1Jc rungt~ ul' airc:umstancc.s, so that il i:; rcasom•blc to ,ad~1ptJt 
ttnyw;ty. Even if the levels or v;\rhtblcs in thu Qptirnal SOhJtlon Me Changed drartutdci!Uy by 
a h.ighc.r or h)WC.r parantctc.r valuu~ one sh(.mJd cxami,lc tho 9if(t!tm1ce in pr<lfh ((,,r; another 
rclc:v;,nt \,1bjeetivtt) between thc:ic solutions and thtlln•se--casc ·St1lution:. rt the bbjcuttve ls 
h~\rcly affcclcd by ttu~,...,c changes in Uli\ntlgcJm}r\l~ a decision m~•kcr nmy b(! willing to bear 
the smuU cost of not uttering. the sttttH!gy f()r the sake or simplicity. 

lf tbc llasel'/cm;c solution is not always ucccptt\hlc, maybe th~~rc is another strcncgy which .is 
not optimal in thu original mudc.t but \'lhich pcrfqrms w~~n ucross th<~ relevant mng~ ()f 
circumstances. Tf there is no singl(~ strategy which performs well in nil circumstances, SA 
itlcntifit..'s different stnucgjes for diffcront ci.roumst:mccs und thl~ circumstanC~'i (tho sets of 
panunct<!r vnlucs) in which the str:~tcgy slum ld he changed. 

Hvc.n if t.hcrc is no uncertainty about the par:nnctcr values. it may be completely ccrtpin 
that they wnr change in particular ways in different times or phlCCS. In a simil~•r Wc•Y Ul that 
outlined abQvc; sensitivity analysis cun be us<~d to tc~t whether a simple decision strategy is 
ntlcqmu.c or whethl~r a comp.lex conditional strategy is ·worth the truoblc. 

SA can be used to assess the "riskincss11 of a strategy or scenario (usc 1.7). By observing 
the range uf tlhjcutive function values for the tWo strategies in different circumstances, the 
extent of the difference in riskiness oan be t\stirnmcd an(.) StJbjcctivcly factorc<.JirHo the 
decision. It .is ntsn possible to ~xplicitly represent the tradc•()ff between risk and benefit 
within the model. 

3.. Theoteticl)l Frame"·ork for Using Sensitidty Analysis for Dedsiot1 .Mijking 

In this disctJssion, a decision variHblc is a variable over which the dcc.ision maker htts 
control and wishes to selccta level, a strategy refers to a set <lf valucsf\u all the decision 
variables of·~. modch and an optimal strategy is the strategy \Yhich maxim is~~ the value of 
the decision \Qlctk<~r's objective function (e.g. profit, social welfare, expectcd•utllity). lt is 
assuml~d that the mm1cller has subjective beliefs {intem~tl hc}t) beliefs, hunches or;guesscs) 
about the perftnmancc of dif(crcnt strategies anl} atxnH whnt is the tibjcctivc of the decision 
maker who Will usc the information gcneratcu hy the model. The mOdt!llcr1s subj~ctivc 
beliefs are inllucnccd by 'the model but also by other f;,t¢tots and they may tlf' may llot bc­
cltlsc to the objt.-ctive truth. 

Bayesian dcchiion:theory provjd~s two to<>l~ whiQh arc helpf1.1l in the usc.()(SA,(or 
dccjsio.n ~upport: (~) d~~isi(ltl·th~ory pn>vidcs a·. t'rf!rncwQr.k for CPJ11patln~' ~ttat~~ics' qn~er 
risk t1r.unccrtainty; and(b)·.Uayes•. n1l~·· pmvidcs.a· rig(l~~lus:anU,:.cqh~istent·'t'flC~()~:(pr 
rcvlsin.g prQb~bil ity .·9istribl!U<ms of uncertain m•tPU.{"'~~rlit,\ll~s .after n~w;infQtjJlitti~~· i~ 
obt;\inedfrom ·thuSA, •. ~tlgclhcr .thcs~ clcmcn\s··pt<l~Jde:.a·.t~XJl .. •(<lr·ratlon~t t~rid:<~()~~j~t~nt 
~djl.lstmcots ·to··stratcgics anddccisi<ms .. ps··ncw ;lofc>rm;,ttiurr·.is obHtfncU. ·~A is,:a:pi'CX:c.sfi.of 



crcntin~ new inf~')ntmtion nbtwt ~ntcronthH,,\ strat..;gics. \Vlntt1 vkwcd ln tbi~ :Hght, tht} 
rch.wancu or Oay(~SitUl clcci~ion thc,uy t.n Sl\ .is nbVillHN. 

C<mccptually~ lho protmss f)f (!Onductin;s lt SA to choose nn tmthnnl str~\tcgy q~m pr()C(!Cd 

as foUnws. FoUuwhlg :m· initinl run wbh n "hase.,cm;c" moliul whicbim.tOrjlott\t¢S 0bcst~bct'' 
vnha~'t of flar~u.nutt~rs, ~· belit.~f ubout thu •lt>timn) stntJCg)' .em) be ·formed~ This·bclief l~·,bnscd 
nn thu rnod~~uur•s pcrccpti.nns of dw vrubahility distributitms of tn:()fh {or.annth<~r mcas~H:e 
uf .benefit or welfnr~) J'or the prttftttrud strruogy, tn'l~ ·<Hhcr srrnwgids. Uas~d em dceisinr1 
dt<~(lf)\ tho initial opt1nnd str•ncgy is the om~ whkh tnttxinti~cs the CXJK~<:lcd· v'~ht~ of the 
obJcctlvo fumnion, gJvcn the ioHinl or 11 fWhlrn set of $hhjcctiv~ly }lerct}i\'cd proh:tbHUy 
distrihnUutls ur t'rofit for dtrfcrcnt stri\tcgh:s. 'l.husu pttnr distrilmt.ions cnuld ntso be lt:-ied to 
nu~ko snttclll.~~nts nh~>Ht the. modt~lh~r's level {lf cnnl1dt!nec that lh~ inilinl str~'tc~y is c)f)thnrtl. 

Fnllowing u sonsnivity :Ulitlysis hnst~d <Hl OllC or more <)f th~~ tcchniq\lCS .(n~Uhlcd liltl~r, the. 
modt~llcr ctnpk>ys Onycs' ruh~ to (l}visc lhu subj,:<~tivcly pcrm.~ivc<J prohnbiHty disttihudon~ 
of pmfit for diffcrCtll Stmtcgit~S (JC.~u.lting in :l ~t:t Of nJ)(.lStcri()r', distrih\•fioos)~ f)cpt,~.ndint 
on how the port.!t~pthms t~htmgc~ tln~ optimal sLrHh~£}1 nmy or n1ny nothu nhprcd" 17hc 
pnSttJdor di.stribudons art! lass unccrmin, due to tht~ information. ohminctf from the SA, so 
the tnodeUur e:m mnkc htlf)r<Jvcd ~tat<!nH.mt~ nbout his or her confidtHlPc in Hu.~ st.mtegy. 

lt is nm ttct~cs~ary n:u: th(~ modeltcr to Utcrany us~1 B;tycs• rule or o fc1rmnl decision thc<tty 
framcw~1rk for thisgc.notul vtcw of till! prutw.ss to ho valtn~blc~ In my opinion~ merely 
cQoccptuallsing thl~ process ih this way will probHhly il1lfU(WU •he rigour tlllUC(ltlSistcncy of 
ttm SA. llvcn if tho mndc1lcr upenu.cs S\abjcct.ivcly as a Uaycshtn (tceision lhcorish it may 
be thnt an unstructured ,.,,,lmtir!u npprnnch H, the SA is mlclJUi.lh.~ for !«)Jll<-l st.uQi~s. On the 
uUt·rt h ·ttd, t.hc modcllcr may be cncourttgcd to adopt a structured, cJplicilJy;,~o}ltOb~\biHstic 
npprnn~h bnscd c>n dccisitm theory. 

Ono potential c(>nccptuuJ difficuhy wilh tht~ .fmmcwnrk ttr.is~s when this type, of' .SA is 
conducted with an optimism ion modeL 1\ pcrcuiv<!d bcn~fit t.tf ·SA is that it c(unreni¢fl0)' 
nll(lWS assessment of the consequence.~ of parartwtcr uncctudntyi even ,w:ilh; .. a dctctminisHe 
model. Hnwc.vcr SAs with deterministic optimism ion rt\od\!l rom;t C(ltl10l\1ttly ,~~rt¢ratc 
only u ~ingtc optim:tl fL\'tult Cor each combinattnn of parmnctcr ''ltlocs b~(ngJ~~t¢~~ :f(,ns is 
normaL the vtduc. of the unccrtnin parmnctcr wHl not: .be definitely known \lntU:aft~r the 
!oit.ratc~y is fl~.cd in phtcc, there is in fnt:t. a range of .possiblc·prbfit ootcom¢s (llJlr<lh,,bUity 
distributi<.ln of .outcomes) fnr each JlO~sibJ~ stratc.By. 11Jlus if a s~~mdt~rc.l SA apphlil¢h is 
u~cd to invcsti&attl pan\mctcr unccru~inty in a d9tcrminJs\ic Qptimisltli,m'nt\ld¢1, m9 
rcsuJting nut put will nnt he easy m rclntc to the.! ll~tycsin,n <,Jccision th~•,ry frnm~wnd~'; Jt 
provides r<nly n :mbsct of tbe r~lcvant infurmathJJt. Note th}tt: this ·prbblctn Js, uoJ)kcly to 
mise if a simulation mQ£1Cl is UNctJ, since the tcndtm¢y :wHh Jt ~hnuhtthm: m•,t:JcLi~ H> 
gcn~~ratc tl full sct·ofSA rc.suhsfur cach·stratcgy under coo~i«....~r~Hon.;.providih$,filtlrc 
information about the <prob:ttlillty distribution of <mtcomc.., ftltth~t.t .stt~tqgy. 

(t~) Dt.ml witl1tbc .pannn~~~~r t•ncQrtninty by .\!xplicjtly·r~prcs(}Jldos:.1t:Wil.J\ifr u,.st(X;b~•~ti~ 
nl(ldcll ratbcr 'tban by usi.ng $A- with a tlctcrminisdc, .mm.l¢1; · 



(b) Cnostndn the opdmis&t.ion model hl a ·particular stnttegy an(.lgc.merate r..1luth1mrfot that 
sttat~gy for c~ch ~ombfnHtion of .pannm~ter val lies. 11iis ·Pr()vidcs:tbe probability 
distrl.b\ttion nf ()utcmnes for tha.t ·strategy. ·Repel\(. ;the prot~~~s fbr eitch strat¢gy ;(>f 
interest. In this !tpproaoh, the mudcl is rcaJl}' being usn({ tor simulathm rathcr\han 
optimisation. However the optimistuion (Hlpa<;~ity is still useful for helping ~t!lcct whjch 
strategies to simulate. 

(c) Using S\ibjcctivc judBcnu.mt and mindful of the ccu:rcct decision theory appmctch. 
e,.-;timate the postc..~dor distdhution.s based only on the. singh,:. optim«tl result fbr each 
scenario. \Vhilu the qualhy .of pQstcrior dis(nbutions obtained in this way is likely l(l 

bQ somewhat lower than tbtJs•~ t>btaincd by approaches {a)<tlf' (b), this npproach· ls 
computationally much easier. In prncticc, a set {)f~ sil'lgl¢ SA result.-; from an 
optimisation model could still be very useful Jf considered within the type of 
concepnml framework outlined cadi cr. An awnrcncss of the inc~)nSl$tcncy between the 
SA results and. the Bayc.c;inn decision theory framework shoulq at lca.')t hcJp 'the 
modcUcr interpret the significance and implic~ldcms <>f the results. 

4. Approache.s to Sensitivity Analysis 

In pnnciphJ. sensitivity analysis is a ~implu idea: you change the model and observe its 
behnviour. ln practice there arc many dtffcnmt p()ssiblc ways to go afx)ut ahrtnging and 
(ibserving tht~ model. The section covers what to vary, what to observe and :the 
experimental design ()f the SA. 

4.1 lYhat w vmy 

One might choose to vary any or tdl of the following: 
(a) the contributi()n of an activity ttl the. objective) 
(b) the objective. (e.~g .. min.imisc risk of nlilure instead of masimi$ing proilt),. 
(c) a constraint limit (e.:&• the ma:dmum avaihtbility of a resource), 
(d) the number of constraints (e.g. add ur remove a CQOS~raint designec.i to cxpre.-;s per~mal 

preferences of the decision maker f<)r t1r ~gainst a particular aGtivhy), 
(e) the number of activities (e.g.. add or remove an activity), o.r 
(f) technical parameters. 

Q)mrn(mly1 the Cipproach i~ to vary the value ofa numericaLparamcter'tbrQY&h· $t.Weral 
levels. ln other .cnscs there is uocertainty ab<)ut a situation with QOly .two ~)s$ible 
outc<.)me.iii; cHhcr a ccrta.in situa.tion will ·occur or it win not. Examples ,includ~: 
• \Vlutl if the government Jcgi:;lates tt.>ban a particular technolllgy l'tlt·enVironmental 
reasons'! 
. In a shortest route problem; what if a new frc.ewa:y 'were bttilt .between, two m.~jQr centres? 
• \Vhat if a new input or ingredient with unique ·properlies<h.ecmues available·/ 

Oflen•thistype of qut·~tion J:cquircs S<lme, struc:tural'chang~.toihe~ m~~el.~n~t;.'l~~ 
Oftang~s ~tC made, 0\ltpyt fr001 the .rcvi~edll)Q{Iel·Can.iQC: Cl)rt)~~red~~~qi:t)le QQ~~ai,'~).}U.i()n, 
nr ~he r~vis.ed mnc.fel::t:!an be \Jsed,in a sensitivity· c,tnalysis ctf uncertain':parttmete(s<t() 
investigate wider hnplications: of the chatrge~ 



Whichever item$ the mode Her chooses to vary, there tlrc muny diftcrcnt asp.ei.lt.s .of1 ,a :model 
output to which attention might be paid: 
(a) the vnlue of the objet.tth'c func.tilm. 
(b) th(} value of the objective functitm t\>r sub .. uptimal strat(!gics(c .. g. strat~gi¢s··Which.i\i'e 

optimal f()r other sccmu-ios, or pi\rticuJnr straH!gics suggested·' bY .the dc<:i~i(m mak¢r), 
(c) the diftenmcc in ttbjc,¢tivc function v•ducs .bctW<!cn.two strafcgics·(e~g. between it he 

optimctlstrntcgy and a partkuhtr strategy suggested by the dccisitm· maker), 
(d) the vc:doc." nf dcoi.sion v::trhtb1cs. 
(~) in ~lll opt.imisat.ion model, the valu\~S of shadow costs, constraint slac~s or sbadc>w 

prices, or 
(f) the ran\:ings of dt-~cision vadnbles1 shadow costs, etc. 

11-u,~. ~perimcntal design is thu combinati(lns of Jlilrametcr.s which will be va.ded .. and~the 
levels al which they will be st~t. llH!i modcllcr· must decide whether ttl vary patilmetets ooe 
nt a time, leaving nll others ut. standard or base values, or whether to ~~amine combinations 
of changes. An important issue in this decision is Ute relative Hkclihond ofcolllbinatjons'('f 
change.'>. lf two para.muters tend to be. positively corrclaJCd (e."g' the prices. of: .two similar 
outputs} the possibility that they wUl both take on relatively high values at the same tim~ Js 
worth co.nsidttring. Conversely if two parameters a,re negatively C<lrrelateQ,. the mo<:lell¢r 
should examine high values of one in C(Jmbinatiun with Jow values <>f the other~ lftbere is 
ng systematic relationship between parameters, it may be r~a~lnab1c w igO()re the l<lw rislc 
that they will both differ sobstantiall)• from their base values at the same .tinte, especia· y if 
t.he.y a.re not expected to vary widely. 

l n seJectiog the p~lrnmctc.r levels which ,.,.ill be used .in tbe scn$lUvity an~ly.sis, a. cQmmon 
and noonally ltdeqpate approach is to sp<!ci£)• values in advance,, usually With equal ·!ii!!.ed 
intcrv.aJs between the levels (e.g. Nordblom ct al., 1994). The levels, sclecte(j.:(or ea9h 
p~ramet(!r shoutd· encompass the range ot possible .o.utcomes for, that vatiabh!t or «lt le~.• !th~· 
*'re~wnably likely" .range:. What constitutes 11rca~t1l'tbly Ukely11 isarlarl)itracy choice·Qtthe 
modellcr. but une possible approach is ttl select the, ·maxim\lm and,minim\lrrt, .t~'~el$:suqh 
that the .probability <>f an actual val uc, being out$ide the ·s~l~t¢d range 'is :tO :~tc«;nt~ 

lf comblnati<ms of change., to ·two or more parameters arc being f\ttalysed~ :a potenOaJ 
apprQach .is to use a ''complete fnctoriaP' .ex~rim.~n(al;d~ign, inW.hichthetno~elis;solve(J 
for all po5$ible combinatitms· of the: parafiieteni. Wbile: tttis prpvjd~s .a wealth: of: 
ih(<>rmaUon, if there are a number of:P"rcimete~ ·J~>anaJyst;, fbe. n~111ber of,:mq(Jel s()lutions 
which· must·be·obtain~d can ,he ~normuu$• .. To·c,,ndtJ~t a,~(>lt\~lete:facto'rial·~~n~iJivlty 
analysis.for t~ight p~ramet,crs.·~ach·with··five :J~yels···WO\lltJ 'req~iire 3.90~625 ··$plt1li.ort~~· 'l~'l~~ 
t«lk¢·.pne .mJn~te,·e~t¢h tQ. proc~s., .·th~, ·~~~··wg~HI·(t~~' ni~e moht~s,,: 'ilfter··Wtti~~rt~C),·vol~in.e 
of· .. o~tpu.t.,cn~~ted·wmlld :he'tonlarg~tt)/:be~li.$~(i·:e(f~tiy~lr·~ ilfi. pra~~ic~ \~n~·~wP:~t; 
cumpromj.se.·by ··reg"~••ng··•ht:.m•Jn~tnf Vliti!ll>le$•:~n~/~~:Jb~,,~~ti\ber; .,~. 'IC.!~~~-•'~Jii~lt·r~r~ 
hlcl\lded in :the CQn,,plt!te;f~ctodni. ·PteUminc.ley $t!rt~itivi~y:ttoaJy~$·.on,iodiViijli~l\n~~~l~ijt 



nrc helpful in dccidlnJ~ \vhich nrc the must importnnt.parnmctcmfc)t inclusionfn U'CQmplete 
fnctodal experiment. 

AHe.rnuti~'!ly nne may n~d.ucc the: ntJmbcr or model solutions required ·by ·adopting ~un 
incomplc.te design with noJy n sub-set or thf possible combinations Jndudcd. PhssibUities 
inoh.tde ccntrn:l composite designs (c;g. Hull ~wd Mcn1~t 1985), 'r1tguchi methods (e.g. 
Clcmsml c.t at., 1995) or somu system of nmdom sampling or uMonte Car1ou analysis (e~g. 
Clemson Cl at~ 1995; Uyeno~ r9~J.2.J 

A great dual of ·information cnn be generated in sensitivity annlysis~ so· much so :that there is 
n risk of the volume (lf data obscuring the imp<jrtant issues (Bschcnbauh nnd Mc.Kct~gut~., 
1989). For this rcns()n~ thu ntodcUur must procc..'~ ;tndlor summtu::ise the Jnfotrnation to 
nnow decision mtllcers to identify lbe key issues. The ftlllowing sub-sections cover vnd<)Us 
JX)SSiblo methods for processing results oJ n sensitivity unnlysi.s, ranging from very sirnple 
to very complex. For many of thu l'TlCthods of amt1ysfs.~ l suggc.'it poss.ible layouts ft1r 
graph6 und tabks. There arc nmny other pnssfbt\}. layouts which .mtty be more suitable than 
thl~se for particular purposes. A number of t~xumplcs urc drawn from my rc..'iearch in 
agricultural ecnnomlcs. 

S.l Summaries tl/ m::tivity levels or objective func/i()n w1lues·: one dimension 

The simplest npproach to analysis of sensitivity analysis results is to present summaries ·of 
activity levels or oqjective function values for different parameter v~tlues. lt rnay be 
unnecessary to conduct any further analysis <>f the result.,. 

A simple example of spch a summary is presented in Figure; L This c~:IJmple (li)Ce sevend 
which foll<,w) is from. MIDAS (Morrison et. al. ~ 1986.; K.ingwcU «md Pannell, t987), a 
linear programming mQdcl whiob selects optimal comblnadons or fnrming cntetpti$~-- (()I' 

rcprescutative farms in a region()( Wc.c-;tcm Australia .. ·Figuru l·shows h<)W thc'Opthn~l area 
of Whent varies as a number of parameters are vadcd either side of their standard :values. 
Bach of tile pnramctcrs in this example is varied up or down by nmounts :reflecting their 
realistic possible r(lngcs. The format in Pi~ure l nllows results from several 'P,i•tnm~tcrs to 
be prescmcd on a si,n~le graph. This allows easy compttdson ofth(~ relative impa~~~ Of'th~~ 
parC1meters wh(!n varieci over thc.tr realistic ranges. and the$c raJ1!W.S are commu.nicate~l,by 
the hori7.ont1tl ~pan of the lines. ln thh~ example one can sec that wheat yield.~; ;have ,the 
biggest impact on the (lpthnaJ area of wheat~ E:;chcnbach and McKeague Ct989) refer to 
\hJS type Of ,graph 3S a 11spidcr diagram 11 , for obvitlUS fCUSQOS• 

Spiti~r dh1grams like these can also be cansu·ucted witb .the obJc4tive function ~v"h.le' ·rather: 
than ·an activity level ns the d~pendcl)t' vurh1blc., allowing the .dcc1$ion milker to :a~~CS$ the 
sensitivity of the ·(,Qjective ~unction value t() ·parameter hangcsr Eor<c)(ample .ift~.e 
obj~cdv¢ i$.'to ma~mise·protit, this type <>f dh~g~am rcvcnls whethe.rany· .. prtrameter'chaqg¢5· 
would rc$\llt Jn a ~o~gatjve .profit •. 
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A potential problem with the use of percentage changes in spider diagrams is that if th~ 
parameter iS small (e.g. vari&ti<m is centred RrtlUOd zero), perccntaf n changes may be lar~e 
relative to tbose for other variables. In fact if th~ initial parameter '"'uue is zero, pcrcettbtge 
changes to the parameter arc not defined. For these parameter$, it may be appropriate to 
use an ahsuJute change. 

Spider diagrams are usually only practical for displaying the levels of a single activity~ 
\Vhere there are several important variables to display, one nQrtnally necgs to limit resllll$ 
to chan&es in a single parameter. Figure 2 is an example fr(lrn MIDAS Showing prodiJcti(ln 
of wheat grain, lupin grain,. pea grain nnd wool·~·· a functioil of wheat pti<;e'. 13cca.~~t!,of the 
djfferent scales uf production, wool is shown on the dghth.and, a~is. Thi$ gt(lph reveal~ ,tbat 
the main effect (>f increasiog wheat price is to incrca.~e wheatpmduction at til~ expcns¢ of 
wool. There are also smaller changes in the productil>n of lupin grain and '~a gtain, 

A differ~nt way of summarising ~he same model results Js. to show the alloqaJion .of a 
particular input or resoyrce to the different possible outputs~ lllie way these aH~~tion~ v~tY 
can be ,effectively displayed by StC1cking the tines or bars, as shown in iFigure.3. This:show.s 
the allocation of htnd to proquctioo of each of the four products, With the aU9Qa*if.lll$ 
mirroring the trends in Figure 2. 
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In Figure;~ l, because nU parameters hut one were were held c<mstant for ench Hnc on the 
graph, it was po~siblc 1o disph1y n~suhs for several pnramctGrs on the samc .. gt~ph. In 
displaying the results. of clmnging parnmctcrs simnHancously, His diffiuuH 10 htmdle more 
than two parameters fn u graph without H becoming complex and .difficult tQ foU{JW. Figure 
4 shows an example of a method for displaying rcsttlts from sensitivity ltnalysc:l on tWo 
parameters. This figun~ shows the impncts of chrmging whent price and wo~)l pripc .()n the 
optimal nnm of whnat selected by M.l DAS. There ttrc mtttly other formats fQt three 
dimensional graphs which can be used for this purpo~c. 
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Results for mort! than two paramet.ers require u series o.f graphs or a table. WeH structured 
table.~ are pmbahly the better optfon. Another apptoMth is to develop an interactive 
database or model results~ allowing decision makers to select the parameter val1Jes ancJ 
displaying the corresrxmdiog optimal soh.nion. This type ~1f databJtsc acts as a shnplifi(!tf 
(and much quicker) version of the full ml)dcl. 

A final possible approach to the analysis of multi~dimcnsional sensit)vity tmnly.sis i$ to u~c 
~tatistical regression .techniques to fit a smooth surfa.ce. to the results i(KleiJnco~ 1992)~ This 
approach provides an e<l!JRtion which approximates th~ ftmctional rt}la.tionship b~twe~nid}c 
parameter values and the d~pcndent variable (~.g. the activity level:()~ objective funcUcm 
vahte)• Suc.h.an eq\Ja~ion wiU be,~moolher Unm the step funcUo!l$ly~lGnlly})r()duccdl>y 
linc.ar prQgrammhUl moq~Js an<l. thi$ m6Y be uf;cfQl· fur producing graphs.Qr(Qr coo(hJcdng 
sQme t>f the ~tnidyses outlined below. 



5.J Slopes and elasticities 

Tho rate of chnnge (the slope) of Jtn activit)r hwcl ot of the objcutive function with r~spcct 
to chtmg~~s in a pHraJUt}tcr Js nn even bri~fcr sttmmncy of Ute issuQ than the gmph~Hd'~''"·" so 
far~ An issue i~ tho need to compare slotlt!s fnr diffenmt.rlnrnnleters. ·rhe units. of tnc«i$l!t:'C 
of different pnrametcts nrc not oCGt~*isnrily <.tt.nnp:mtblc, so neither rtrc absuh,tc slope$ with 
respect to t·hnngcs in dHTurc,mt parameters. One cun oftutt <>vcrcot\lc this .problem by 
calculating 11 ttlnsticitics11 ~ which nrc mcnsurcs of \he percentage chnnsc in il dctl(mdcnt 
variable (c •. g. nn nctJvity fuvt11) divided by th<'· percentage ohnngc in nn indt~pcndcnt Vt\rhthle 
(e.g. a pnrmnctur). 

(1) 

or 

(2) e = 6Y/oX. Xll' 

A comparison of cJnsdt•itics of an activity kwul \Vith r~'ipcct to different pnramclcrs 
pr()vide.~ a good indication of the p~umn~tcrs to which the nct1vhy is most S'-'nsitive~ Table 2 
is an cxnrnplc of stJch a comparison for MllJAS. The elastichi,~s hnvc bc(m ctllculnt~d 
as .. c:;uming base values for parameters other thctn the one in ctuesti<)n. Results hove been 
smoothed using n~grcssinn and clnsticith~s calculated from the filtl~d smooth curves. 

Ti\ble ~· Bh•sticitics nf opthnnl whcnt aru wUh ru.5pcet t<> changes in various paramr!,_er~s.,.... _ 
Parameter llli1Stidty (lf optimal wncat :area 

Wheat price 
\Vhcat yield 
\Vool price 
Lupin price 
MEtchincry size 

5.4 Sen,vitivity lndices 

1.5 
1.4 

.. ().,5 
w(}.3 
o.o 

A sensitivity index is a number calculated by a defined proceoure which gives infortnatipn 
about the relative sensitivity of results to different pi\rnmetcrs .of the. model. A simple 
examplQ of a sensitivity in de~ is the. elttsticity of e1 VEtrh~blc w.Ub re.spect. ttl a parameter 
(Sub .. scction 5.3). The higher the clnsticity, lhc higher the. senoitivlty ()f: tc$uhs .,l chl\Pg~~ 
in that pitramcter, l'lillllby (1994) ha.~ outlined 14 pos~iblc ~e.n~itivity indices fc.)rca~cs 
where only C1· single output VJ\riable is to be cvah,latcd, inQlU~ling:tht.! 11itnfl:()rtilncc fn(le1(u, 
th~ ''relative dcv~ntiQn" indc~1 the nparth•l nlllk <;.orrchtti.(In cQcfflqfcn~",. the Smirnov tc~h 
the Crmner~von Mise.s test aneta number l)f others~ Th¢$c ar~ .JiQ~'<Jqtfiftcq <in d¢(ilfLbcr¢ 
b®ause. many o11 the are compte~ and timc .. con~umittg to c~Hctdat¢. 'Furthermpre, H~mby 
(1995) conduct~d a Qe.t'\Ucd <.t<mtparison of tbe p~r(\)rmnmm ~>f: ~a9b ;pfJhe in~~ces ·relativ~ 
of a Gompo~ite in etc" ,b,,s~d <m ten of th~m. None qf; t~e ~orn,plc~ .Jngj~C$ te~J(!(l' p¢rfotm(!d. 
as well a ~implc inde" proJX>scd by 11nffman nnQ. Qardr\Qr CU>8:l); 



(3) 

where Dm\\l\ is tht.) mttput result when the pnrnmctcr in qucsti<ln fs set nt its ma.xirnum value 
nnd Omin .is the result f<)r the minimun1 parameter value. 

Alexander ( 1989) s~ggcstcd n numlu~r of complux. indices· for \lsc in SitlHlt.f<lns where the 
modcllcr wishes tu nsst~ss the sensitivity of several output variables sirnpltancmtsly. For 
cxnmplc, tor cases where HH! rcstdt of interest isH ranking of several varhtblcs, Alexander 
provides an indc.x which indicates the sensitivity of the ranking to chtlngcs i.tl a pa.rnmct~r. 

Com;idcr the question, "lf pnnunctcr X were to chnngo frnm its current \faluc, by how 
much would it hnvt~ to change in order for the optimal solution to chang~~ in n particqlar 
way'l" 11tis hrer\k ... cvcn nppn)ach addresses the issue of uncertainty abou\ panunetcr vah,tcs 
in a way which is often pntticulurly hclt>ful to dccisitm nHlk:crst It helps in the asses~mcnt 
of whether the critical vnlttc of the varinblc falls wHhi.n tht.'t range of vnlucs considered 
r<'asonablc forth'~ variable. If not, the decision mukor can be ndviscd. f()r tho purposes tlf 
planning, tn dist'cgnrd the possibility of the vuri«blc taking a different value~ {f the break· 
even value is in the realistic runge, this information can be used to justify collection of 
noditional information to help predict the actual value of t.he parameter. 

Table 3 shows an example f'rom MIDAS. ln the mandard vtusion of thi~ mQdel, the 
or>timal \lSe of land of a pnrticulnr type (soil type l) is to grow pasture for grazing by 
sheep. The aim is to determine the circumstance,'{ in which cropping wm1ld bl} ns g~1()d tll' 
better than pasture. The Table shows brcnk,.cven percentage changes in vari(l\l:i pnramcters 
.. ChC\ngcs needed for the profitability of cropping on soil type l to cqt,tal thftl f~Jr pasture. 
By judging whether p~ramctcr changes of nt leaRt this tn~gnitudc ~lfC ever likely to '0CCllt, 

the modellcr can judge whctht~r cropping is ever likely to be recommended on this :mU 
type. 

Table 3. Brenk-even changes in pan1m.ctcr values for cropping to btnts protitablc as 
pastutc prpduction on son type l 
ParametQr 
\Vhtfat price 
Whcnt yield on St)U type t 
Wnol price 
Pasture yield on soil type 1 
Lt~pin price 
L1mi11 yi~ld on s<>il type l 

+50% 
+4()% 
-.80% 
-70% 
+130% 
+l2Q% 



Sensitivity A11aljsis l4 

5. 6 Comparing constrained and unconstrained solutions 

The approaches discussed so far arc based on assessing the sensitivity of the modcl.to 
changes in parameters. A different approach is to add constraints to the model so that itis 
forced to adopt other interesting strategies. It is often very valuable to know how tlthct 
strategies perform rclaiivc to the optimum. Figure 5 shows an example, where the MIPAS 
model has bt~en constraihed tn plant crops on various. percentages ·Of the farm. area. Such a 
graph is valuable if the decisicm maker wishes to consider other strategies which achieve 
objectives other th:m that represented in the model. Figure 5 sh(Jws how much profit must 
be sacrificed if the farmer wishes to deviate from the optimal cropping area of 60 percent. 
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A useful way of indicating the flexibility available to the decision maker is to report lhe 
set of strategies with objective function values within a certain distance of tbe optimum. 
For example, any area of crop between 40 and 70 percent of tbe farm is within $5000 Qf 
the maximum profit. 

Sometimes H. is useful t.o constrain the model to excluqe an ()pti¢n in order to ·c~d¢~l;:tte the 
total contribution of this opdon to the objectivet and to identify ·the be$t ~trat¢,gy Wbi¢h 
doe.4i not include it. Table 4 shows a summ~uyof the MIL) AS' $Qiutionswhittrinch.~()¢an~: 
exchlde th~·option of growing lupins on the fann. It is ~pparcnt·that the incl!lsion of' h~phts. 
in~rcase..~ profits by ~round 66 percent. 



Tabic 4. Profit and optimal ronttions with and without htpins 
Lupins 

included 
\VhoJc-farm profit ($) 40,870 

Rotation selected • 
Soiltypt: 1 
Soil type 2 
Soil type 3 
Soil type 4 
Soil type 5 
Soil type 6 
Soil type 7 

pppJ> 
Ct. 

CCL 
CCL 
CCF 
pJ>pp 
CCF 

• C = cereal crop~ P = pasture; L = lupins; P' = Hchl peas 

5. 7 Using probahilities 

Lupins 
exoh1dcd 
24,553 

PPPP 
PPt>C 
ecce 
ecce 
CCP 
pppp 
CCF 

A common characteristic of the methods of analysis presented above is that they do not 
require the modeiJer to explicitly specify probabilities of different situations. Sensitivity 
<malysis cnn be extremely effective and useful C\t<!n withmn mking this extra step Ul a more 

fQrmal and cmnplcx analysis .of n~,sults. In excluding probnbUHics from the tmalysis, the 
modcllcr is relying on the decision maker to give appropriate weight to each seen an(>- On 
the other hand; an analysis using probnhilitic.~ n1t1y be unncc~~sarHy difficult and thne 
consuming to conduct, «md is likely to be more difficult m e~plnin ttl the decision maker. 
The JXltcntial simplicity .of sensitivity analysis is one of its attractions and an anal.ysis which 
is not understood is unlikely to he belicvt:d. Dcpcndi.ng on the importanc<; t>f tbc issue ~tnd 
the attitudes and know.lcdgc of the dt~cision m~\ker, the best apprmu:!h to scmdtivity a\nalysts 
might not involve formal and oxplicit use of prohabiJities. Even if n prob:tbilistic s~msitivity 
analysis is to be conducted, a simpler preliminary analysis. may be useful in planning the 
final analysis~ 

6. Overall Strategies for Sensitivity Analysis 

The techniques outlined above ate n powerful set of to~lls for assisting a. decision rnaJcer. 
However the modcllcr needs tc> av()id conducting sensitivity analysis. in an aimlt!sS or 
mcchan.ical fashion. The approaoh should be! ~•dj\lsted m suit the d~cision ptt>blcm. A.~ the 
analysis. proceeds, the result~ <>btaincd may lead t(> further model runs to test ideas or 
answer questions which arise. In a thorough s~n~itivity Hnalysis, a number ·()t the 
approa¢hc.~ suggc.-;ted in the previous .sccd(in migbt be used. 

Within these broad guidelines, there arc very ·many ov:e.mll '.$trat~gi~ for $cnsitivit.y 
analysis which mi}~ht be ~()opted. ·Here .ttrtlthtce ~ys~cmadc ~5\Jgg~~tions :of nvcrall '$h'at~gies 
which .(lrc.like}y l() bt! ~((cctive in CCJ.'i~'i where the analysi$ 'iS' Used: to help make ,a,:dl>C)$iijfi' 
or rccotntnendatipn about,the Optitrtal strategy. 



Strategy A 

1. Select the paranmH~rs Hl be va:ded. ldcntH)~ a range for each p;mtmcter- Which 
rcalistioalty reflects its possfblc m.nge. P'or ux:{amplc~. usc rtntximum .and ·minlnrum values .• 
or an 80 percent. contJdcnc(~ intcrvn!, but not a. unJfonn 10 ur 2() percent clthcr side <lf the 
expected value. Also identify other possible di$crch} seennthls rcquidng ct:mngcs to the 
model structure or ron11Ulntion (t~.g .. clHtngc:s in the objective tn bt~ opUmlscd, ineltJ~i<ltl of 
addiltdnal constraints}. 

2. Conduct sensitivity :matyscs for uach purmncw.r individuully, u:dnglhrce: or five cqu;,Uy 
spaced param\~lcr wduus .. ():mdud sensitivity ::matysis for cnch discn:tu S<!cm•rio 
individually. 

3. t'hmtify panunett~rs and discrett~ st~cnurios to which the key decision variables at(~ 
relutivc.ly unre.t:iJX1nslvt~. JX)ssibly using the sunsit.ivity index presented in SubS(~<i.tJon S.4. 

4. Hxcludc unresponsive paramctt~rs and st•cnndos from hnthcr antilysis~ For the rc~maJning: 
parameters, t~onsidcr whether thC)' nrc likely to have high positive; high neg1•live or low · 
correlation wlth cnch <lther. lf you lnttmd tn usc probability dlstribulions f<.>t ntnd<'m 
sarnpting of scenarios nr f(>r summnrisntion of results, cstimutc the dfsttibt.Id()n fot iCi•ch 
parameter and, for cases of high correlation~ csdmm.c the joint probability distributions. 
Possibly also estimate probabilities for the discrete scenarios selected> in step l .. 

5. Design and condu~t a modelling e:~perime.ot which nUows apprapriatcl$* for C<>mbirrations 
of pttramcter chang~.;~ paying particular nttcndun to the case.~ of high CQrrchuioh b~twecn 
parameters. Pt>ssibly use Lm.in hypercube sampling (Clemson et nL, l99$.) ·t.'ll\ i( the 
numbt~r of combinations is mnnaguabfth a ct>mplcto. factorbd de.~igo-. Repeat this :for e:-tcn of 
the discrete scenarios indhtidunllyt or iJ pracd~al, for itll cumbinati<>ns of the disctcte, 
scenarios. 

6~ b.ummarise results .. Report the rc.~ponsivcnc.ss of the, opdmal practiPe .(h:e. lev(}IS'<lfl<ey 
activities) to p~trameter chanses using spid<!r dlilgrams or elasticHles. Calculate brc~k#cvcn 
pltramctcr values for particular circumstances of intcrc.~t. To avoid ilo,<)vedoad .or gr~ph~ 
and tables, one can adopt the approach nf dcmonsttcith:tg th,lt ,ccrt1t.in pamm.¢tcts have: Hm~~ 
impact on. the important decisiun ''~triable..~ and then CXl~.IQdiOg. the:.,«; paramw;turs fr<Jm 
subsequent gmphs and tables. This all(>Ws the deaisicm nlakcr.f<> Co,~lls on ~i.mfl'>rtant 
parameters and rclati<)nships .. 

7. On the basis of rcsuiJ..t) ·.SO· f«tr, identify a tentative bet:i(:-bct:$tf'al~~Y" am.lS¢vetaJ oth~n; of 
interest. The other.strat~gics Jl)lsht be,chosl!nb~caQsc;'fh~y l1QJ1t?~qtc ((>'•t)Qj~fivc.,.t~th~~ 
than· .that r~prc$Cntcd·in·.the moqcl, ·Of''h~~~se,(h~y.}tte:•qf~~n~l·:lnt~~~l:;.•t~ ·tb~.-d~i$iun 
rn~cr. French· (J992;) sugg~'ited·.·f<>cu~ing {)Jl ~~~qjaQem poteodalJy';Qptirnntn .·nl.tcmaHvc 
®luti~ms. meaning. stmtcg'i¢s which:·~tte cl()$e.'td •.the:ibl~$c•¢~~·~'PUrn\Jm·, all~twh1qb~wt>~ld 
bca)mc c)ptfmttl if parnmetcts chang~dst•fflQlcntbr~ 'llls' T1Ptin¢c~~t;y·.tu Jlroifc\h~ ~o~ly$js 
io·.$~Ch .;t. narrow sct,()t' st.t~tf!gie.5, alJh9ugh·:<ln~·'Sb()~ldibc ~mlodftd p£1hCc··num~r or 
solutions rr.q~iircd,ln·t.hc nt:~t. step;, · 



8, Rcpe~tt the c~pedm~mt (SH!fl S) with the mo~~~ ¢(lostr;ti~tdl~) ~ach ofth<!:str:~t~gh,\~(~rom 
step 7) .. SummilfiSt,' tJ:n~sn results. ld¢ndf)' '.s,Jct)~tdtJS (U :nny):wlicr~ c;,~h str~\t9gy 'l~'f)Jnirmll" 
OtlctlhHc th~ co~t of~ cac,h strategy rclafivcl() th~ lu~'it:.-bcl~ P(>Ssit)ly t~pcal thi$ wmr ~O()(hcr 
st.ratcg~· as the bust.lmt. At this slag~ yon tnn)~ ,,vish m u.st.~ pnlb«lhility' tJ\$lflbuU<m~ m makc. 
probnbHi.stic stntcntt~nt.s nl:H)Ut thu results. 

9 .. Attempt to drmv ~~onclusiotls. 1t can btl h~lpful m rucusyour thinking by t,cying to,et>uch 
conclusions in terms slmUnr to one of tlm ftlllowing c,x,~nnplcs~ 

<~t) ·n1e optimal strntcgy is,;\" in Hlmust :my plmJ$jblc sccm~rit>~ S() X fs a snr~~ :bcst•bct 
strategy~ 

(h) ln some sccna.th1s the optimal strarugy is .X while in these othl~r st1lcmu:ios1 tbe optlm~l 
strategy .is 11

• If you can llrc.diet <.lr identify tho sccmu'io. it is imtJ<>r:tant tod<ltb.e dght 
strategy in thu right sccnnrlo. 

(c) ln some scunatlos the (Yptirmd stmtcgy ls A' while in these other scemuios. the optinud 
strategy is )'. Jlowcvcr~ tht~ cost ofdoing: the. wrong strategy ls Ycny low" so it, is not 
very important to worry ~tbout doing thu right strntt:gy in tho right sccnarh). 

(d) In some sccnarit)S the oplimal strategy is X while .in these other sccm•rios. the optimal 
strategy is Y. The cost of doing the wrong strategy when yQu should be doing Yis 
low. but the cost ()(duing the \\trong strategy when you ah(ltild he doing X Is hig'h1 ·so 
if Y(10 cannot predict or itlonti(y the sccnadc)t .#\" is a safe bcstAlct st.mtcgy ~ 

These conclusions corrc..'ip<>nd to the fc1Uowiog rccommcnciaUons: (a) do X) {h) d() either ~v. 
or Ydcpen«ing. on spc,c:Jfic a.frcumstanccs, (c) du either}{. nr 1', whichever )'<)u like, (d)lf 
tn doubt~ do .X.. In addition there is a converse set of ~onclustons (me (mn draw t~txwt: 
whith .strategies urc never Ukcly to be optimal~ (e) JlC\•cr do zf (l} in certain cirC\llllS\:tnc~~ 
do .not do Z, (g) if in doubt, do not doz. Try t() try to ith.mtity which of:thc\catcg()Ocs:(~) 
to (d) the prnbh!m rans into and whether it is possible to specify any strategies like z ln 
cat<~gmics (c) to (g). 

Stra,regy B 

A slightly less cQmprchcnsivc stnucgy would inclu.de all l)f the st.cps of Strntcg)~ A .except 7 
and 8 • 

... ~·trategy C 

The simplest strategy which is still r;ystematic and ltscful woold JncltJdf.! tmly st¢ps 1, 2, 3, 
6 and 9. 



It is common for written rcptnts of scnsitivhy ~Jna.tystl'i lt1 pt1hllshed pltpcrs ;\tl nddtes~ mdy 
a subset of the issues \)n whit;h the SA ca.rl ptU\tide .inf'tlnntltJUJl. Qf C~Jursc; UU¢ :nUl$\:' be: 
selective in the reporting and. discussion of r~~nlt.~,. but mu of't~n discJ.Js.Mtlns.tlf: ·St.msitb1ty 
Hnttlys~s drift. lUNllY from the Ct.~Ultnl issue b!.!hlg loV~Stig;m~d on.to hltcre:~dn~. b\Jttelativ~~ly 
unimportant detaiL. ln othu.r cn~~es. sensitivity H.t.talysis rn.~ults are presented wntmut 
sufficient discu~sion of tlu.~ir C(>.flscqu.crtces and intpHoadtms {l)t the centrnt·tsso~ T<>aVf.lid 
these traps.t the following rcrxut strueh•re is rcc.onlrtlcttdcu .. ns ·~t stnmlnrd .mhdmum. 

(a). ftrom the bm;e-c•l.1\e tnodtJl~ ur mhc,r infortrrntinn, wbnt is the initial opllma1 
rcc~:lmroendtltion whiub is tn l)mn th~ snsndartJ. for q.(>mrmrisons ln the SJ\:l 

(b). \Vhich paramt!ters tntlSt ~tff(!qt the opdmal rceonlmcnd~\ti<mq If appr(1prtitt.c., "What :arc 
the break .. cven ltwels or parameters fot ch~mg,c.~ ln lhc rc<J.tlmnltrnh•dnn1 

(c). llow dot~s the upthn.nl.recummendnthm ch.nnge i't the sensiUv•) '~ttdable.~ t.~bangc? 
(d). \V:hat :ttc the consequence~, t,~f not foHowinglhiJ Olllirnnl r:cctnttmetnlMion? (t(lr 

exiU11plc. how mw:;'h lt'!..~s protituble arc other rccumm!Jndtnit1ns'1 
(c)~ OvcrnH~ what. lcvf,tf Hf .eonfidc.ncc cnn there be that the rec<unmendtui<ln i.s in fact 

(>pdmnl~ 

ln addressing these issues~ the space devoted to crtch need not O(!ttcs.,~arlty be large. and 
the relativ(~ imp<lrt;mce of each will dcp~nd on the particular stud)~. Pt1int 0() is parfic\llatly 
irnpnttaot as h ensures dt;Jt the discus.~ion of the SA will be well ft>cusscd 'tlml: :tel evant. The 
rcco.truncndatitm t<l state tht:1 *ttcvet or confidence~' ls mn int(mdcd to ptov<*~ n tonmH 
p.r()bablUstic or smtist.ieat sunementt but nt least SUttle rclativt~ly inf<)tmal nttd subjective 
statement oJ cnnfideoce sh<.wld he made. 

Avoid the tr~p or overlo.nding the report wilh the resu.lls of category (c) .. A.~ noted ·aoov_e, 
a hctpft,~lstrategy in ttds reg•~ rd. :is tu ctcn1<m~arate that 'tennin paratne.ters htn~e little impact 
~1n the important dcclsi(>n vntittblus and tb~n exclude furthc,r results for thesci parameters. 

8. Conduding Comments 

'lnere is c.teady much ,more to the \JSc of a normative 'rrtotlel than finding a si~&t~ upthnaJ 
solutio h. Tbatsuludon ShflttJd, be viewed as th.e 'Starting pt1int for a \Vide. ran$ira~ \Set <iC 
s~nsi.tivity analyses UJ improve the dcci$ion maker's knnwledge aud und~rsumqing>of tb~ 
sy$temt.s behaviour 

Even without und¢rtakinJ!, the relativ¢ly cmnple~ procedures wblcb elpU~itl~ ·involv~ 
probabilities in. tbe saropUng of scenariostlr int¢J'l)r~tation u( rcs~ll$, ~gns{tivi~y ~uta{ysi$4,s 
a, powerful ~nd JUumi~~ting mcthodulogy. TQe, $hnplc··app~lach'tt) $e~~h~vUy ~o~lysi,$,Js 
eat;y (<'.·dQ,.e~~y .tound~r~tand, cit$)' tocnmmunic~t~:·an4am'lical)I¢:W::it~·any·"tJWd~h ~·~ 
dc¢i$ic;m:;lhi .it. b~of\en ~d~q\late de.-;ph~·it$' lm~rfeQtiQn~. Q,i~~r~.;iJs· ,etts~· .uod.trao~part!jtcy, 
the .simple (,lpptoach ;,toS:A ·may even b.~ ·the ao5Ql\!t~ 'best·,rnethQ<l C4t''Jile ppipo~e ,Qf 
·ptactitic.\ld~jsil.ln 'tlUiking. 
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