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"AUDITOR'S PROBABILISTIC REASONING

IN A MULTI-STAGE RISK ASSESSMENT TASK"

'1'111: eff<:ctiveness and erticicncy of an audit reslS I;lrt\e1y un th<: planued prucedurcs, lhe cvidcnce galh<:r<:u

and the utilization of evidence by auuilOrs. This research projecl has iuvestigaled how t:viucnce is and should

be utilized by auditors. This report details the results of IWO relaleu studics: I) an analylical study of the use of

belief networks to model auditor probabilistic reasoning and 2) an empirical, process tracing study of auditors'

ulilization of audit evidence in the assessmeut of the risk of material elTOf in tinanci111 statements.

Tht: objectives of the research include 1) an evaluation of several theort:lic;lImodds of probabilistic

reasoning which undcrly risk assessmenl and 2) the ueveloplllent of descriptive lIlodcls of the information

aC'lLlisition and evalLlation process. The descriptive models 1...CLlS on the naturt: and extent of probabilistic

reasoning in aLlditor judgment. Previous studies have noted a lack ofexplicit probabilistic reasoning by auditors

(Biggs, Messier and Hansen, 1987; and Biggs, Mock and Watkins, 1988, 1989). Such studies raise questions

conceming the validity of models used in audit theory and practice which rely on probabilistic reasoning. Two

related analytical audit IllOdels are brietly specified and invcstig,ued. Each involves lllulti-stage (cascaded)

inference and utilizes bdief networks or influence diagrams. These theoretical models present nomlative

models that are compared with actual audilOr behavior.

The empirical task utilized is identical III the one used by Washington (1987) in her experimental study

of 103 experienced aLlditors. In both Washington's 1987 sludy and a limited replica lion in Norway (Mock anu

Washington, 1990), auditor behavior differed from what was pred.icled Llsing Bayesian and cascaded inference

theories. For example, there was evidence of lack of sensitivity to differences in the diagnosticity of audit

evidence and to the SOLlrCe reliability of evidence. The obj<:etives of this paper include assessing to what exten,t

auditors actually use probabilistic inference in their Llse of audil eviuence.

The paperconlllins 5 sections. Following this introductionYs a discussiol~,,,f some of lhe previolls research

and theory that forms the backdrop for the research. This litcrature provides the geneHlI research qucstions and

hypotheses that are addresseu. Next the analytical ponion of lhis plrase is summarized and followed by a

discLlssion of the cxperimentnl methOd, empirical results and conclusions.

•

GENERAL NEED TO INVESTIGATE PIWB'ABILISTIC REASdNING

Although research inlo audilor judgmenl and bchavior is of relatively reeeni viulage, nlllllcrous stndies

have appeared whjiYI/deal with aspects of audit planning, evidcnce acquisition and lllilization 'lind auditor
'l

decision making. The field of relevant research is broadcncd substnlllially if one considers related studies in

psychology and cognitive science. As noteu earlier, audit theory and standards both rely on notions of risk and

probability. ThLls the planning of audit programs has been eouccptualized as a process of collecting evidential

maleria!to assess lhe prob,lbilily or risk of malt:rial crror or misslatelncnl. Funhcr, hoth academic rescarehns

and practitioners have asserted that the appropriate way of ulilizing alHli tev ideucc is lhHlllt\h the applicatiouof

Bayes Theorem.

The empirical ponion of this research comJders both the qucstion of probubilislie reasoning in general

that is to what extent do auditors explicitly utilize probability notions in their reasoning?- and the (!nestion of

the descriplive validity of multi- slUge models of infercnce .. that is 10 what eXlent do anuilOrs utilize cascaded

infcrence or related models slleh as belief networks in lh<:ir rcasoning?
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SOURCE REUAI3JUTY ISSUES IN AUDITING

As Washington (19RS) has argued, SOllrtT reliability is a common problem in nuditing. Mucb ml(lit

evidence does come from sources that may be less than 100% accurate or reliable. For example, evidence

obtained tbrough inquiry may be somewhat biased by one's need to indicate a better picture than really exits or

may be in error as a result of one's lack of memory. Evidence obtained througb observation, recalculation or

physical examination aIso may not he tota Ill' rcli'lhlc. The C()mplcteness and reliahility of doctllnentation is aIso

an issne, especially for systems Ihat change frequently and utilize changing technology.

Most impol1ant for this study is evidence generated by systems with less than totally reliable internal

cnntrols. Wright and Ashton (19R9) found tbal across a bmad sample ofandits, diaguosticity of audit procedures

di,l depcnd on intcrnalcllnlrols. Specifically, when l'lmtrols werc strong, "vidence ohtilincd fnlll. the dient

,letecled the most errors. Conversely, wheu controls were weak, errors were most likely to be detected by

evidellec from cxternal somces.

The .~ouree reliability issuc lIsed this Sillily is an audit "price test" which is hased on pricebooks that me

updated by a syslcm with error-pronc internal control procedures. The reliability of such procedures present the

suhjects with a part of thc uncertainty they must confront in an audit.

BAYESIAN AN\) CASCAI)"\) lNI'FRFN(,(: AS BM;WTIIFORY

I

When faced with problcms such as source rclinbility issues,auditing requires procedures allli models!

which will help insure effective audits. The model which seems to be theoretically correct is based in decision

theory and l1ayesiau illferenl'e (sec Vou Winterfeldt and Edwards, 19S(,,) and in work 011 "intelligent systems"

(e.g. Pearl, 19RR).

In this literature, problems are conceptualized in terms of probabilities, uncertainties and risks (and also

ntilities, etc.). Thus if an nnditor is collecting nud evaillating evidence, the i~~ue is framed as one of revising or

updating ones information slate (prior prohahility) based on new evidence. The fundamental approach is to use

_Bayes Law to updale which stated in odds fnrm is as follows:

POS"mRIOR ODDS = LIKELIHOOD HATIOx PRIOR ODDS

P(MJI 1.)/I'(M/I :.) - 1'(E/MJ/I'(lVM) x I'(M)/I'( M) ( I )

or

P<M/E)/P(MIE) = L x P(M)/P(M)

Where: M _. AUDIT ASSERTION
(E.G. NO MATERIAL ERROR)

M = ALTERNATIVE AUDIT ASSERTION
(E.G. MATERIAL ERROR)

E = EVIDENCE OR INFORMATION OBTAINED
(E.G. POSITIVE PRICE TEST)

L = L1KEUIIOOD RATIO
5



In this modd. as the probability oflh~ evkkm;1,; given the iludil assenion IP(E/Mll im:n::ases rehHivc to

the probability of lhe evidence given thut the assenion does nOI hold W(E/M)}, then the Iikelihoou ratio L

increases. This leads to a higher posterior odds in favor of the; assenion when evidence E (e.g. a posilive pri(;c

test) is obtained. For highly diugnoslic alldilte~ils, the likelihood rmio subslalHiaIly changes the auditor's prior.

However, in a situation where the underlying evidence E suffers from questions of source reliability I lhe

proper use of rhe evidence is further complicated. Clearlylhe inferel1lial impact of the evi(knce as indicated by

L in equation (1) should be less than a case where the evidtnce is compktely reliable. In thissitualioll

an"adjusled" likelihood ratio L *' should be used. The appropriate formula EO use is derived for the case lIsed

in this research in Washington (1987, p.98);

L* :::;(RxD + (l-R)(l-D)] IrR(l-D)+O-R)Dj

where: R =the reliability of the evidence received.

D =diagnos(ici(y of audit evidence.

BELIEF NETWORK REPRESENTATION OFTHE TASK

(2)

Both the general Bayesian and lhe cascu(kd infnenee formulations seem to offer relevum evidence

evaluation models for audiling. In order (0 consider these mydds, two relLttcd studies were cOnducled. In this

section an analytical study is summarized (see Krishnamoonhy and Mock, 1989 for details) which inveStigated

; several relatively new modeUing approaches. This invesiigalion led (0 two alternative, "belidnetwork"models

of Washinglon's experimental task. Each model is then illvcsti gated in terllls of Iheir cOllcordancl.: with empirical

auditor betlavior.

BAYESIAN BELlEF NETWORKS

Pearl (1988. p.50) defineS Bayesian Belief nelworKs(or Belief networks) liS "directed acyclic graphs in
, . .~ '"

which each Ilode represems a random variable, or uncertain qniiifiily, which CUll take on two or more possible

values. The arcs signify tht existence ofdirect causal inflllen(;CS between the linked variablesi and the slrengths

of lhese infillences art: qu,mtificd by conditional probabililieS." Impon,uH fc'lllln.:s of belief networks arc

discussed bridT/i'l) the (,;Olllcxt ofassl,;ssillg substOllllivl,; It.:St risk (Figure I) ill illl uliJit risk hieliuchy (Mock and
... ;~

Veninsky, 1985, p. 41)0

CSample sizt )
(SS)

~

Pigure 1

Belief Nelwork Example

6
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Belief networks provide a good framework for explicitly repl'esenting conceptnal dependencies among

variables and do so independent of the nnmerical estimates of probabilities in the network (Penrl, 19RR). In

Figure I, substantive test (detection) Figure 1 risk (5n is modeled as being dependent on sampling risk (5R)

and on non-snmpling risk (N5). 5ampling risk (SR), in tnrn, is dependent on sample size (55). These

relationships are speciried intbe network through directed arcs between the nodes (variables). The relationship

among the nodes is spcciried in the network irrespective of tbe probability estimates associated with the arcs.

Such <In cxplicit rcpresent<ltion of dependencies can draw allentionlll relationships <lmong vnrinbles nml help

identify competing modelS.

The direction of the nres help represent conditional independence. Knowledge nbout sample size will

ordinarily provide us information nbout substantive test risk. For example, ceteris paribus, one can expect a

decrease in substantive test risk with an increase in sample size. In this sense, substantive test risk is dependent

on snmplc si7.e. 110wever, once saml'ling risk is assessed from sample size, knowledge nhout sample si7.e is

irrelevant in detcrmining the Icvel "f suhslnnlivc tcst risk hrcIHlse the evidcntial itl1l'act of sample si7.e is

completely impoundcd throngh sampling risk. Thlls. samplc size <lnd sllhstnntive tesl risk nrc comlition<llly

independenl, given knowledge nhoul snmpling risk. This conditional independence among variables is

represented in a belief network.

There are useful <ludit implicntions of conditional independence representation in a network, particularly

in 11111'1' nl,twOl ks. (lldin:llily, illfcl('l1('('s ('allilot II(' dl aWII IIhollt a giVI'1I VIII iahll' IIn\('ss the inelevllllcy of nil

othn V/llillhlrs illlhc ('nlil(' Il('lwolk is CIISIII(·d. 1111;il'.H1c I. slInlplillJ', risk (,';I() is IISS('.5SI'd flonl slimp\(' size

(55), In order to draw inferences about substantive lest risk(5T), the dependence between sample size anti
,I

substantive test risk can be ignored because sample size is irrelevant to substamive test risk, given our knowledge

ahout sampling risk. This is what 11 helier nctwork rcprcsentationallows us to do. "Iklicf networks encode

relevancies as neighboring nodes in a graph, thus ensuring that by consulting the neighborhood one gains /l

license to /lct; whal you don't sec locally docsn'tmatler. In effect. what network represerllations offer is a

dynamically updalcd list of all currcntly valid liccnses to ignore, and licenses to ignore constitute pcrmissions

to act" (Pcarl, 19RR, p. 13). >1
In addition, belief network represcntation, by exploiting independence relations, avoids the computation

ofa full joint probability distribution over a network (1IOlvitz, et aI., .19RR). Severn I algorithms have hcen

developed for belief propagation using belief networks.
~

Bm ,IEI' REVISION MODE! ,S FOR TIlE EXPERIMENTAl, TASK

The benlffiti of belief networks for stlldying nuditorreasoning have been investigated using a case relnting

to the valuation of a retail stereo slore's inventory ("the inventory pricing ense''). This d'Sf was uscd by

Washington (1987) and forms the task used in the empirical portion of this paper.

Case Description

Cory Corporation (see Wnshington, I9R7) is a large retail chain of audio equipment and stereo component

stores. 5ubjeets are provided with background infom1l11ion about the client, nn evnluation of client personnel

and limited rinaneial data. In addition they are provided with infonnation on the inventory accollnt, adescription

of Ihe ii1ternnl control system for Ihe aCljUlsition and payment cycle, and physical controls over inventory.

Details of the results of physical inventory arc also provided.
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Based onthis..infomuuion, subjecls arc asked 10 pruvide llli eSlimate (die subjecls' prior) of Ihe probability

lhallhcfc is Hot a IlHllcrial pril:ing errur inlhc inventory aC~l)llUI. Next, subjects un; provided all evaluation of

the reliability of internal cOlllwls as they relate to the pricing of invenwry. Finally, they arc provided with the

results of the leSt of pricing details with a specified level of sampling assurance. In the experiments, illlernal

cOlllwl system reliability is manipulated at two levels ("" and IHl percelll) and the risk of incorrect acceptance

is manipUlated at two levels (2 and 20 percent).

The subjects' main task is to provide an estimate of the probabililY that there is not a material pricing error

in the inventory account. This represents their posterior prubabilily.

Washington compared the subjects' likelihoods derived from the above experiment with the cascaded

inference model likelihood ratios (normative criteria) 10 determine the impact of source reliability on 'audit.
evidence. In several cases and in a subselJuent Norwegian replication (Mock alld Washington, I",,0), auditor

judgments were significantly different fwnl the nonnalive values.

The validity of this type of nonnative-descriptive strategy has been questioned both in psychology and

in accoullling. The fundamenlil! issue is: To what exteJll canlhe formal structun: imposed by a nonnative model

help us understand the underlying cognitive structure/process!

One way to improve the validity of nornlative-rlcscriptive studies is to ensure that alternative plausible

models are considered and evaluated before inferences arc drawn from obServed llehaviof. The inferelltial
?

strength derived from the use of a model is enhanced when it C,UJ be established that competing models do not

provide comradictory evidence. In the following, two such w,mpetillg models (Model A and Il) are identified.

Model Development

Auditors can seldom directly observe the aeillal evClltS or aCliolls Ihat consti lute Ihe ev idenee for or against

a hypothesis. Instead, illt<:rences are Jrawn based on illdiredevidence. Thi~ type of in!'t:rentinl pf()ce~~ is called
.,.,

"cascaded inference." Schum and Martin (1,,82, p. 1(6) describe II cascaded inference task as"composed of one

or more reasoning stages interposed between evidence ub~ervnblt: lU thy tilct tindcr and the ultim,lte tilCls-in

issne."

Thus, cascaded inference. theory makeS' a di~linclion.between evidencc and testimony concerning that

evidence. The overall "value" of evidence is a combillation of Il;~""rillferenlialimpact" (the informativeness or

diagnosticity of lhe evidence) and the "source reliability" (credibility of lhe informntion sOlluces).

The main audit evidence provided to the subjects inlhe invenlUry pricing case was the results of test of
q' ,

details. These results were obtained by eondllcting a pricing tlOSt onn sample of invelllory items'tlsing sl1ltistical,
~ampling procedures. The risk levels provided the subject,; with the inferenlial impact of lhe test of delails.

Subjects were also provided the reliability of internal cOlllrols which constituted source reliability. The subjects

were then asked to provide un estimate of the probabilily thatlhere is no material error in the inventory account.

Model A in Figur" 2 depicts the nonnativ" belief I evisilln proce~s discussed nbove - when relinbility of

internal controls is viewed ,IS impucting the aSSllr<lllCe pnwidcd by the test of pricing details. In Figure 2, node

H represents lhe hypotheses of interest

I) there is a maleriul inventory pricing elToLJh) in the financial stulements and 2) there is no material pricing

Cfror (h-) in the tinunciul Slillements. The evidence presented tothe auditor is the sillnpling assurnnce provided

by the tesl of pricing details (TO). This assurance, however, is confounded by nllise in Ihe accounting systelll

thnt gen"rates Ihe evidence. This noise is depicted in Ihe reliabilily of internnl conti'll I system (R).

S
_,,·.' ·$'111 III

",,,._;,,.-.m~_.o;j-"



The direction of the flrcs in Figure 2 convey meaningful information. The reslIlts of the test of pricing

detnils (Tn) rcvcnls HIe sWte o[ nature, i.e., existence or non-existence of material pricing error (II), with a

specified level of assurance. Thus. 'I'D is dependent on fl, find the directed arc H 4 TD represents this

derendence. In addition, the ovemll evidentinl vnlllc of the tcst of pricing details (TD) is innucllced hy the

reli;Jhility of the internal control system (R) that generates the data on Wflich price tests are conducted. The

direction of the arc R~ TD reprcscnts this dependence. The arc represented by a dotted line from TD ,,". 11

rerresents the reversal of the arc JI ~ 'I'D, conveying likelihood i(ll) of fl.

Figure 2
l\lodcl A: BeHef revision when re liability

of internal control impacts assurance
from les t of pricing detai Is.

( M. ateria.l Pricing
~ Error (II)

Ai(1l)

A ~ ...

RelittbiIily of
Internal COllirols (R)

(
Test of Pricing)
Details (11)))

Model A is a plnusihle modcltlwl is sllpportcd by cnscnded inference theory. Cascaded inference theory,

however, does not ensure the uniqueness of this model for the inventory pricing case. The existence of other

plausible models may impact the validity ofusing Model A as nonmHive crileria forevnluating auditor behavior

bccrwse different models may generate dilTcrcnl values for the crilcrin. As Pilt:: (1975) points Ollt, when

deviations from Bayes' theorem are observed (such as "conservatism"). il may not he clear if slich deviations

are due to the subject's internal representation of the problem or due to infort}(l:ltion processing mles or hath. It

is precisely this type of problem thaI belid network representation can help bring aliI.

The main task in the inventory pricing case was for the subjects to revise their prior probability that there

is no material pricing error so as 10 nrrive at the posterior probability. In order 10 accnll1plish the main task,

infonTlfltion concernil;tg the foIlowihg variahlesw<ls J1rovided to the subjects:
• ~ l-. ~ .,.....'~_.', .

J.
2.

3.
4.

Compliance test results (CT)

Reliab.ilitv of internal controls (R*)
",.r

S.."nple sizc for pricing lest (SS)

Rcsults or Tcst or pricing details (TD)

,
"

In the case, suhjects arc asked to assume lhal they conducted compliance tests. Further, none of the

variables are specifically derined in the information provided to the subjects. Therefore, it is plausible thaI

subjects make assessments ahollt lhe "extent of compliance" in revising their beliefs because "extent of

compliancc" may 1Ia vc infefTn1 ;111 va [Ill'. ThllS, a fi nIt vari ahle - (' xlellt of mmp1ia nrc (C)·· Illay he relcvilill to

their decisions.

One plausihle model or the rdntiollship among l!lese five variables and the audilors posterior judgmclli

concerning the likelihood of malerinl enol' is depicted in Model fl' in Figure 3.

9



Compared to Modd A, a new relatiollship is rc:pn::senlcu by the an; CT ~ R* in Fig"un.: 3. Since eXIC:nl

of compliance (C) has inferential value (arc C ~ II) and is llilobservable, reliability of inttrnal control (R*)

may provide teslimonial (qscaded) inference for extent of compliance (C). This dependence is depicted in the

arc R* ~ C in Figure 3.

Support for considering this relationship (R* -+ C) is also obtained from Kinney (1975, p.16); ... (3) the

design internal control system design itself may nOI be adequate for reliance (even ifcompliance is 100 percent)

as it may be subject to managemelll override or collusilHl;.(bruckcts added)

Sample size (55) normally influence::; the level of aSsurance provided by lhe test of pricing dtlails ('I'D).

For instance, ceritus paribus, large sampk sizes will decrease Ihe risk of incom~.ct acccptance/rejt:ction. This

rdalionship between sampk size (55) and test of pricing dewils (TO) is depiw;d in Modd B'(Figure 3) by lhe

arc 55 -+ TO.

Thus, Model B I is a plausible modd for represelHillg lhe main t;l:)k in the invcJllory pricing c..\se. Before

proceeding funha, we should cnsure th<llthe network ill Mudd U' is lht: minill1:11 n~twork for ul\ambiguously

representing the dependcllcit.:S among the v'lriabks (pearl, I%H, p.116-121). This rCl}lIirem~l\l, uy cxploiling

conditional indcpendclH:e among variables, can reduce the COlllputational complexily associated with lhe

network. Figure: 3

Model 8': Belief Iletwork with all
variables in th~ Main Task

(

COJ1.1Pliunce
Tests
(Cf)

Reliability of
internal controls

(R*)

Extenlof
Compliance

(C)

t
Materi..l! Pricing

Error (II)

J
(TeSlOfPricillg ),

(sal\~sl~tCy Details (1'0)

In Model U' (Figure 3), observe thaI cOIilpliillln: 1l':~IS (CT) an.: conditionally indclH:ndL'.n( or C>dClI( or

compliance (C), givt:n knowledge about reliability of iillanal conlrols (!{*). RccaJllhal the Icvclllf reliability

of inlernnl controls was provided to the subjects. Therefore, compliance ll:sts (Cn call be ignored and lIode cr
can be removed from lhe network withom jeopardizing Ihe ilHcgrily of lhe network.

Subjecrs were also IOld Ihat the sample ""5'!ze (S5) was i.:hosen such lhal lhe kvd of assurance of lhe tcst

of pricing details (fisk of incorrect accepLiulCc and risk of incorrect rejection) was wntrolled al a specified level.

Since lhe kvcl of assurance of lllelcsi of pricing d~lHils Wil~ predL:lerll1incd, sample size is irrckvwH and cun

thcr~fore be ignore£.! in Model 13'.
10



After eliminating nodes cr and S, model n' reduces to Model B in rigme 4. The rest of this paper uses

Model B; for funher a·nalysis.

Pigure 4
Model n: Belief revision when re.liahility

of intern"l controls irnpacis extent of compliance

R*c Reliability of Intemal )
COlltrols (R >It) ----I~.....

Extent 0 f Com pi iante
(C)

Materials Pricing
Em)f (H)

It i (II) =J: R' ~

C
•

(
Tt'~' or I'lkill'~
Ik'ail~ ('1'1»)

J

The criticnl qucstion is then: I10w do the two modets (I\. nnd B) diffcr with respect to the likelihood of no

IIIaIcri:ll pricing error· 1he hypol hl'sis of inlerest'! This qucslion is import ant heciluse if they gcncmlc identicaI

likelihoods, rh(~ 1H"lid lH'IWorks 111 Models I\. alld n are thcn ess.t'lltially Ihe sa1l1(' frolll the sllllIdpolnt of \Ising

thelll ns crilcrla for cv:lIl1allng nhscl veri alid ilor heha vior. Th is ques! ion WilS ndd rcssl'd j 11 Kri shn:lllulOl"thy .111(1'

Mock (1990). Their results demonstrate how the likelihood vectors change whcnlhe underlying model for the

case is nltercd (sec rigul"e 5). Irlhe variables and/or the marginal and conditionnl probabilities associated with

the mcs of a model (e.g. Model 1\.) arem isspeci ried, the resuUYng model t11a~" be unsuitable for lise as a criteria

against which aCIllnl mlditnr behnviOl' can be compared and evalumed.

l11CSC two models, which clearly lead to different likelihoods in SOt11~ relevant ranges, highlight rhe issue

of best mooel. IJowever, they do not resolve it. They do, however, raise a number of empirical issues that can

be nddressed. rirst, ench model gives rise to sdtne behaviors thnt auditors would be expected to exhihit if they
~ . .~'. /..,.

were using a particular model. Thus examination or actual audito'ijildgmcnt using this task may help resolve

the question of which model predominates in practice. More generally, if empirical auditor bepavior maps to

one of these models. lhen some light is shed on the more gcncrnl issue of prohabilistic inference hy allditor.~.

N "Thw;, 1111 lltklllpi 10 II':P VI'I 1In I p" lie if"flh 10 idc'llI iIy rll!' vnl III hl!'~; lind rc Inrl'ploal dl' PI'W It' fH\it' S 1111 It III ". Ill('
~ '~

vari!lhlcs, used hy Huditors in their judgment task, is l1exl presented. Belief llctw(irks, heing well suited for

explicitly ('xllIrssillg rorHTptu:lI dqWIII!l-l1cil'S, lllay Iw a good fr:lI11cwo,k illin which vl11iahks lIlId dt'PClIdt'1I

des idenli fled Ihrollg~l pmccss tracing 111ay he mapped. Such an "empincatly validated belief network" is likely

10 be closer to the cognitive modeI used by the auditor thnn a pure l10nnalive model. Such n network may ;,Iso

have useful implications for probability elicilnlion from subjects.

11
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Likelihood for pI =0.99, p2 =0.0 I, cl =0.99
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pI: Level of assurance from lest of details
p2: Risk of incorrect acceptance from test of details
cI: Diagnoslicily when "Exlcnlof ComplianceHis IlHiglt
c3: Diagnoslicity when HEXlenl of Compliance ll is IT,owl!

A: Likelihood ratio for Model A
Bl: Likelihood ratio for Modd Bwhen c3 =0.01
B2: Likelihood ralio for Model B when c3 =0.1
B3: Likelihood ratio for Model 13 when c3 =0.2
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EMPIRICAL STUDY or AUDITOR pROI3ABlLlSTIC REASONING

This portion of the study reports on an empirical, process tracing study of auditors as Ihey completed the

case descrihcd and modeled ahove. TIIi.s provides empirical data concerning auditor reasoning which may he

compared to models A and 13 and with results obtained by Washinglon (1987) aud by Washington and Mock,
(1990). The analysis focuses on the question of wlwi is the nature of Ihe Iypes of probabilistic reasoning utilized

by auditors (if any). More specifically: Is prohabilislic reasoning evident in Ihe audilor judgments? If so,

does a Bayesian belief nelwork or some other model capture this reasoning process? If not, what type of

reasoning is evident?

RESEARCII TASK

In order 10 research Ihe issnes discussed ahnve, a pmtocnl study replication of thc experimcnlal case nsed

hy Wash ington ( I'IX7) IVa.,,·, ,,1Iplt-lI·d. "1"1 ll' da Ia W,·,,· ,·olk.. tcd hy \11 ',,"I' SS tIllri nY. IZ,. X\'<" i,'n(,l'd "'"IilOIS who

('omplt'lt'd Ilw iIIV{'Ult H Ypi idng HlId iICllSt'. A.I:, Illlh"d ahove. II It" CIISt' ('oilla ilIl·d dd niI~ sllch nsn sys-tt'l1llln\V('hIli 1

an(1 internal ('(lIltrol inli"ll1ation nOt"nHllly availahle in an audi!. The case had heen evaluated for completeness

and accuracy by practicing auditors.

/\s the audilors evaluated the audit case workpapers they were required to verbalize their thoughts using

procedures originally designed by Newell and Simon (1972). Prior to the actual task, a practice session was

administered so that the subjects could become familiar with the verbalization process. Their verbal protocol~,
were lape recorded, transerihed, and ended ns is discussed in a following seclion.

The IIclual task la..nl by ea('h a11I1 itOt" ran br Sllm1lwri7.1·.(1 as follows:

I. (lain anllnderst:lIldillg of the task as indiratnl ill the case Instruetiolls.

2. Gain an understanding of thc client by reviewing background information. a purchasing and acquisition
document flowchart, a nalT:lIive description 01" thc pmchasing system, II di~~ussion of controls over invelltory,
and results 01" an interim physical inventory.

3. The preliminary task was to generate and record their (prior) probability that there was no material pricing
error in the accounting records.

~. Results of the I"ollowing Hudiltests were then reviewed:
/\. Compliance le~ts of the internal controls of the system whieh produced tlte pricing ,
dl1ll1. The rel,iahility of lhi~ systelllwas experimentally manipulated at R =' RO% or
l)()% witl{1,~e half 01" the suhie!"ts n'("('iviug ('aeh tn'ahlll'llt.

n. The results 01" a pricing test where the sample was designed wilh tolerahle error
experimentally m:lnipulated wilh I)('tn risk .set at either 20% or 2%. TilliS the It'st
assurance of no material pricing eITor was either SO% or 98% and the test could be
considered to be either sufficiently close to book values to accept the stated values.
5. Based on the above test results, record the auditors' (after the audit evidence)
probability ~f no material pricing error.

6. 111e suhjects were then asked to stiIiC their conridence level and materiality. The task
ended with a brief qnestiol1!wire and discussion.



NORMATIVE SOLUTIONS FOR USE OF EVIDENCE

As nOled above, whal constilutes a normative solution for this task depends on which of the previous

models one considers llppropriate. In this section, we aecepl the view in Washington (1987) that Model A is the

appropriale model. In Model A, Ihe reliability of internal controls is viewed as impacting the source relillbility

of evidence which is used in the price test (see Figure 2).

For the panicular sel of p"fllllleters that were used in this case, it is possible 10 calculate the nonnative,

adjusted likelihood flltio auditors should hllve used 10 revise their prior after Ihe lludit evidence was received.

Usiug the notation developed earlier, source reliability R was manipulated al either .80 or .99. 111e diagnosticity

() or assurance level of lhe statistical price [cst wllS Illanipulated at either .80 or .91111nd the confidence level C

was sel at .95 for all versions of the Cllse.

For the case where diagnosticity = D = .80 (e.g. a moderately informative audil test) and reliability = R

= .99 the normative likelihood calio would be:

L* =IR*C + (I-R)(I-C)]/[R(I-D)+(I-R)D

l-* =1·99*95 + (1-.99)(1- .95)1/(.99(1-.80)-1(1-.99).80

L* = '1.568

and Bllyes theorem Slated in odds form would be respectively:

P(M/E)Ip(M/E) = 4.568· P(M)/P(M)

Thus whatever the subjecI's prior likelihClod W(M)jI'(M)] concerning the probability of no mllterilll
. w

pricing error, the posterior likelihood flllio should increase almost fivefol,d. when the price test of details is

received. This is the case althongh the llssul1led diagnosticily of the tesl of detllils is only 80%. This llpproach

provides the "nonnlltive" benchmllrks with which our results and those of Ihe preceding studies are compllred.

The theory also provides a basis 10 derive hypotheses as to how the experimenllllly controlled vllriables

lire expecled to llffeC! the auditors. For examijle, wi:: could hypolhesize that the posterior probabilities of no
,< I.. ""_.'","_'

mllterial error will increase for all experimental groups, but it will increllse significllntly more for groupswith

higher source reliabilily. This hypolllesis results from the fact Ihat the nunnative likelihood ralius are highest

fur those eases w!)e)-e the price test WllS based on evidence ubtained from a system with relatively beller internal

comeol. A second Iheoretical issue penains to Ihe prnblem of competing lheoreticalmodels"{\hhough the

two previOlls models du lead 10 algebraic differences in Ihe likelihuuds, many of the hYjllltheses which rdale to

differences between experimenllli groups would be identical given either model. For example, given either

Model A or B, subjects should revise their priors more fur cases which have the belter internal cumrol or source

reliability. llowevcr, Ihe specific amoum of revisiun wlluld diller dep<.:nding on which mudd was assumed or

maintained.

Third, we Clln reverse our perspective somewhat and ask whether the protucols can help cstablish which

of the two models is Illore consistent with the-decision prllcess auditors actually utilize. This ljuestion is llmore

specitic version of the general issue of examining the p.."toculs fur existence of proll<lbilistie reasuning. This

raises the question of what types of specific behaviors wlluld une eXl'ecllO llhserve if auditors utilize cascadcd

inference reasoning or the specific reasoning implied by MudeisA or B.

14
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NORMATIVE MODEL Or: INFORMATION PROCESSING

O"e rcnsonlocollccl pmlocol"n", is loohl"i" process data which will help eSlahlish Ihe kind ofreasonin~

they :H"III:dly lise. In order to make this aSSl'ssnlenl, a I"O(TSS nlOdd mllst he developed which replicates Ihe

reasonillg inherent in Model A. SlIch a process modcl is presetlled ill Figllre 6. The process model indic:lIes

that an auditor begills the task by ohtaining evidenee from the cliellt as contained in the case malerials alld

processes these data with data ohtaillcd from experiellce to form a prior estimale of likelihood of error. 'Il,e

specific nat lire of the ill formation search process and of the processing of the dala into a prior is not specified.

However, previous research (e.g. Ahde! Kahlik alld Sheshai, 19RO and Diggs alld Mock, 19R3) has indicated that

hOlh illfol'lllalion sellrch alld prolTssillr, Illay hI' illipollalli factors 10 COlisider.

Whllt Ihis stlldy lil("lI,';es oil 1111' Ihl' twxt phllSI'S ill Iht, I""IT.~.~ III"dl'! (helid IWlwork). ()IIIT II pd(1r is

fonned, the model in Pigure 6 implies tha t Ihe auditor obl"ins evidellee ollihe tested reliahility (R) of the system

of controls and evidellce on the assurallce (A) fromlcst of details concerning Ihe pricillg of illvelliory. This

evidenee is assumed to be interpreled in a prohabilistic manner and the equivalellt of a likelihood function (L*
or i(II)) would be formed to updale Ihe prior probahility of 110 malerial error. Whether the eoneeptualization

is in the form of odds and likelihood ralios is unclear. But examination of the protocols should shed light on the

type of reasoning that is used. ,The types of specifie resenreh questions thai this model leads to nre:

I. At the level of specillc operations thai the sllhjet'!s apply in completing the t'l.~k. is Ihere evidellce of

probabilistic operators (e.g. conditional judgmenls) heing applied?

2. As the evidellce coneernillg the system of COllirols nlld lest of details is evaluated, whal types of

prohahilislie reasollillg, if ally, is used? l.ikdih"(1ds'! 1,ikelihood ralios? Adjustllwnls fm SOl lice reliahilily?

Explicil processing of a "prior" into a "poslerior"?

CASE INSmUCTIONS
DOCUMENT FLOWCHARTS

SYSTEM NARRA11VE
FINANCIAL DATA

SUBJECT EXPERIENCE

f
JUDfJEMENT AS TO PRIOR

PROBABILITY OF NO
MATERIAL ERROR

(Il)

fA
TEST OF DETAILS

(PR ICE TEST)
(TO) .

~ L* orAi (II)

POSTERIOR PROBABILITY
OF NO MATERIAL ERROR

(11)

, ;,
'Figure 6

Expanded Belief Network of Case Assuming a
Cascaded IuFerence Model (Mode! A)

L R RELIABILITY OFI---='--- L_IN_TE_R_N_A_L_C_O_N_T_RO_L--.J
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SAMPLE AND CUOiNG METHODS

In order to generat~ some data to help address th~ above ques(ions, a sample of 12 ex.perienced lluditors was

obtained. Each of these. auditors completed the case while verbalizing their thought$ as tbey reviewed the

materials and reactH~d thdr various judgments. These verbalizations were tape recorded.and transcribed. Given

that this research focuses on the processes that auditors utilize in updating their knowledge concerning ClTor

likelihoods, only the sections of the protocols from thdr preliminary to their final judgments were transcribed.

The transcriptions were partitioned or parsed such that each line incorpofilled one thought or operator (or

one paragraph of the case if the SUbjects were din~ctly reading case maLerials). One mtmber of Lhe research team

originally transcribed the tapes and during coding the transcriptions were further parsed by the research teum

member with the most experience in process tracing. Obviollsly, the transcription and coding process involves

some degree of judgment. To what extent this affected Ihe results is unclear.

Table 2 summarizes the basic nawre of the transcripts which were obtained. ')'he protocol seclions which

rdaled to lhe prelimiottry and main judgment tasks generaled from 24 to 143 lines of protocol and from 604 to

2,2 11 words.

1. Assumption (AS) which is assigned when a sllbj~cl gCJlcrate:::; an arbitrary (uJlspecified) facl abolltlht:
case.

2. Condilional Judgment (CJ) which is assigned Wllt.:ll it :-;ubject draws a conclusion which is spel:ulalive
or predictive in nature. Usually a degree of llncenainly is prt.:sclIl in Iht.: prolocol.
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3. Eva Illation (E) wh iell is assigned when a subjJ;Cllllakes addlnile judgment about the task based on some
explicit or impJiciL crilerion. Link or no ullcenainty is present

4. Decision SuPPOrt (OS) which is assigned when a subject provides ralionale (premises) to support a
decision, recommendation or alternative.

5. Generate Query (GQ) which is assigned when subject raises a question about the task.

Coding was accomplished by asingle coder us follows. Each proroco) was coded twice where asignificant

amount of time (approximately 3 to 6 months) had elapsed between codings. As coding was done, a copy of the

case was reviewed to identify where a subject was reading. The two sets of codes were then reviewed and

recont:iled wi~h an emphasis on analytical/inferenlial operators. Table 2 summarizes the reco·nciled codes.
j -,.)

r

TAilLE 3
SUMMARY OF TREATMENTS AND DECISIONS OF AUDITORS

TREATMENTS· DEClSIGNS·

INT./CONTROL TD NORMATIVE
SUBJECr f{ELlABlUTY ~ PI<IQR POSTERIORS Lit- POST~RfORS

80% 20% 80 90 2.4 90.6 " ,

2 80
~~

20 75 ~W 2.4 87.8no.

3 99 20 72.5 90 4.6 92.3

4 99 2 o (NA) 95 31.8 NA

5 ao 2 '10 90 3.6 70.6•
6 99 2 liO 90 31.a 99.2

7 99 20 !iO IW 4.6 94.8

8 80 2 95 95 3.6 98.6

9 ~O 2 50 95 3.6 7lU

10 99 2 '10 85 31.8 98.7

II 99 20 25 &0 4.6 60.5

12 80 20 60 90 2.4 78.3

AVERAGES FOI{ EACII 'f1<EATMENT

ACTUAL NORMATIVE
PRIOR j'OSTEIUOR POSTEKIor~

~W% Ie RELIA UlLlTY 67 90 84

99% Ie RELIABILITY 65.5 85 89.1

20% 'J1}RlSK 65.4 85 84.1

2% TDRISK 67 91 89.1

NOTE: I. SubjCCl'1 is !lOI included ill 1I1L:Se cakul'lliolls

2. Coufilkucc level (alpha risk) was SCI al 95"1., fUf all subjccts.
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RESULTS - EXPERIMENTAL TREATMENTS

Results nrc discussed in two sections. First, thc experimcntal trcatmcnt clTccts arc pll'st'nted. Thi,

di.~cus.sion provides some comparison with previous sllIllics and helps 111otivalt' SlHll<' qucstions.lhat may he

addressed by exmnining the protocol data. The following section then presents the dctailed protocol rcsnlts.

The top portion ofTable 3contains thedecisions reached by each nuditorns to both their prior nnd posterior

probability thnt there was no material pricing error in the financial statements and which treatment they were

reacting to. Based on the theory sumll1arized in Model A, the Table also includes colu1l1ns for the appropriate

likelihood they should have applied to their priors and the resulting normntive posteriors thnt would resul!.

Rernll thnt Model A nssull1cs one intl'rpret., the internnl control rdinhility ns n source It'liahility which alkels

Ihe qunlily (rdinhilily) of the lesl of delnils (·videu("(~. Inthis ('nsc, Ihe lrlinhility hns an iuditccl, cnsead"d r1krl

on the likelihood of a materinl error.

The lower portion of Table 3 contains nver:tge priors, posteriors and nonnative posterior.s for the vmious

subsamples. These averages show tl;at the subsnmples had roughly the smne priors which were based on the

snme geneml description of the system and company as contained inlhe case. In conlrast, lhe results indicate

differences between groups internls of posteriors. It is also apparentthnt the effect of the difference in inlernal

control reliability (source reliability) wns opposite to that predicted by theory. Specifically, nudilors given

eomplinnee test results which indicated less rei iahle data rev ised their priors mOlc Ihan other suhjct't sand nlO1t'

Ihnn what was indicnted by theory. ..
The effects ofdifferences in the diagnosticity of the tests ofdetails (20% vs. 2% risk) were more consistent

with theory. As expected, auditors basing their posteriors on sa,mples that were designed to control betn risk at

2% revised their priors more thnn subjects given price test results bnses on snmples using 20% betn risk. On the

average, nIl CgrollJ1s of lluditOiS increllsed their priors hased "nlhe generally posilive nudit evidcnce prcsentl'll.

Given that these are mther smnll samples and the focus of the study is not on the experimentnl treatment

effects per se, we shall not dwell on tbese results. Jlowever these results, siwilar to more extensive samples in

Washington (1987) and Mock and Washinglon

(1990), do indicate divergences from theory that deserve further investigation.

There are n number of plnusible reasons for such results. Por exnmple, perhnps auditors do not reason

probabilistically. Or if they do, they may notuiilize ModeJ Aupon which the normative predictions in Table 3
-, '"' ..••.• ,--,...

are based. Possibilities such as these are explored in the following discussion of the protocol data.

RESULTS - PRO<':,ESS TRACING
~.~. /I

The second part of the empirical study generated process tracing datn for the 12 auditors who completed

the task. TIle protocols were coded as described earlier and as summarized in Table 2. The analysis reported

here focuses on the evidence provided in the protocols conceming various aspects related to probabilistic

reasoning. The data provide some evidence concerning auditor reasoning and evidence utilization nt both the

"micro" operator level and more generally in tenn ofbehnviors which suggest models and schemnta thnt were

being used.

Operator Level Behavior

Table 4 summarizes the nature of the protocols with respect to four coded operators which relate to

probabilistic reasoning and risk and uncertnillty assessment. The opemtors are

18
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I) cOIllJilional judgmcnts which by dclinilioll arc evaluations which explicitly involve a degree of

uncertainty,

2) cvaluations which do not express uncertainty per se, butwhich often relate to risk elements of the task,

3) gcncration of queries which usually express some infortnalional unceflaillly the subject faces at a

particular point in the lask, and

4) assumptions which sometimes are a way of dealing with uncertainties.

Although these operators as applied to verbalizations do not usually explicitly identify probabilistic

behaviors, tlJey all relate to risks and uncertain lies. For example, many of the entries in Table 4 in the columns

unda the conditional judgment and evaluation operators represent verbalizations relatingJQ;various risks the

auditors are concerned with. Specitically, they evaluate or conditionally judge pricing risks (P-RISK), risks

concerning the' recording of appropriate quantities in inventory (Q-RISK), internal control system risks (C

RISK) and others. The frequency and consistency with which lhl<se pehaviors occur identify one way auditors

actually conceptualize uncertainties. The frelluency and persuasivenesso[ conditional risk judgmellls and

evaluations is consistent with the prominenl role audit risk models play in lhe literature. The data also imply

an alteflHllive model should he considered for this task - one that explicitly involves specific audit risk variables.

The forth column in Table 4.sUll1111arizes the queries which were generated as the auditors completed the
)::,

task. By far thc most frequent qucry across subJects was questions concerning the lack of explicit prior pricing

evideoce (denoted 1','.1' LJncel'laiuly) iuthe work papers which preceded the auditors first task. Recall that the

auditor's initial task was the specification of a prior probability of no material pricing error prior to receiving

test of details and compliance test evidence. The auditors clearly felt uncomfortable specifying this probability

based only on the system and client descriptions and their previous experience,

l' Also as indicated in this column, a number of the auditors generated questions concerning aspects of the

'statisticalnalllre of the test of details. Possible lack of statistical knowledge is one potential cause ofdifferences

between what the theories underlying both Models A ,lOd B predict and actual subject behavior. Both models

assume the user "underswnds" the statistical meaning of assurance and confidence level in a statistical test: As

some of the following discussion shows, the protocol data provide an alternate statistical model (basically a

classical rather than a Bayesian approach) which lllay help explain some of the results of this and previous

experimental audit studies.

The last column in Table 4 indicates some of the rather few assumptions that were evident in the protocols.

Our interest in assumptions is that reasoning by assumption is one way of dealing with uncertainty which has

beeu observed in other studies in psychology ami £luditing (e.g. Biggs, Mock and Watkins, 1989). For example,

subject 8 ,\ssumed thaI there wen:: no past audit adjustments which were relevant to this task, thereby resolving

uncertainty concerning this aspect. Evidently, if there had been prior audit adjustments to inventory, this would

have inl1uenced auditors' expressed probabilities. Although there is some evidence ofreasoning by assumption

in this task, it does not appear to be a predominant way of dealing with uncertainty.

In summiu'y, analysis of the specific operators whidl relate to probability, risk (uld uncertainty provide

sOllle indication of how auditors reason. We observe that risk assessmCllts are frequent and thaI auditors

gencratcd illHnnber of questions concerning lack of price test evidence when they were asked to provide their

priors and with respect 10 statistical aspects of the pricc test. Possible lack of swtistical knowledge raises some

question concerning the appropriateness of both Mlldels A and B. Lastly, rcasoning by iissulllption was not a

frcquenllllethod of dealing with uncertainty in this task.



TABLE4
PROBABILISTIC REASONING AT THE OPERATOR LEVEL
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SUBJECT

2

4

6

9

10

II

12
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P-RISK
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Bvjd~lwc ConGernin~!" Use of Modds A or B

TaLk 5summarizes the basic resuhs that were oLlained as the protocols were reviewed for evidence which

would indicate if a model was being utilized. The basic analytical approach was to review the pro[Qcols for

explicit use of a likelihood revision rule or heuristic, a Bayesian revision process, specific behaviors which

wOllld ht predicted by Models A and B or other models which were being used.

'!'AUI.E 5I'ROTOC'OI. EVIl)ENCE CONCEl<NING MODELS USED

USE OJ< MODEL A MoDELB MODELC RISK COMPONENTS
LIKELIHOOD BEHAVIORS'! BEHAVIORS'! BEIIAVIORS'! APPROACH'! SUBJECf

'RULE? ItNDIRECTI IDIRECn (CLASSICAL! ""
y~S, Line 87

2 YES YES YES
.., -Line 47

3 YES PERHAPS YES

Line 43 Line 61

4 PERIIAPS YES

5
~'. PERI lAPS YES

6 n. PERIIAPS PERHAPS YES

Line 34

7 PERHAPS YES

tI PERHAPS YES

'J YES, Lines 169 PERI lAPS PEI<lIAPS YES
ililli 173

10 YES. Lilies 91, PERI lAPS PERHAPS YES, V~RY
100 iwd 103 EXPLICIT

II YES LINE YES YES

46
12 YES, Linc~ 20-22 PERHAPS PERHAPS

In Table 5 the first 3 columns indicate the prior "hypotheses" that were being evaluated as the protocols

wtre being coded and reviewed. The most general ex pected behavior was lhe use ofa Bayesian approach which

would produce evidence of Ihe USt of some sort oflikelihood rule (column 1). Or Ipore specifically, we might

expect to observe behaviors consistent with the use of Model A (column 2) or Model B (column 3). Model A

implies thaI lhe source reliability of lhe system of inlernal controls indirectly affects lhe audilor's ultimate,

posterior estimllle of likelihood of error through its effect on the test of details. Model B aS$urnes that the

rdiability of the inlernal control 'system is interpreted as directly affecting the likelihood of a material pricing

error.

In a sense these twO models n:flecl what is sometimes called thedual purpose nature ofaudit tests and audit

cvillence. It should be nOled lhal this particular illlaprelution of Models A and B was apparent only after

significant review of lhe alldilOfS protocols had Hlkcn place. As has been the case in oth.er studies (e.g. Mock

and Turncr, 1982 <Jnd Biggs, Mock and Walkins, 1989), the d.:tail provided in the protocols enhances our

lllldt;rstanding of audiling nnd leads {O improved Lkscriplivt and lhcoreticalillodds.
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The evidence in Table 5 indicates some explicit use of a likelihood revision process in four of the 12,
subje<:ts' protocols.

For example, subject B stated:

"It has to go up now"

"I was at what? 70 - 301"

"I'll go up a lot."

"I'll go up t085 per cent and 15 per cent"

But does the existence of instances of use of likelihood like revisions and other evidence in the protocols help

support Models A or n (or some allernate theory)? As indicated in Table 5. in only one case was Ihere explicit

evidence of use of Model A and in two cllses nse of Model n.
Subjcct C ex pliclltes the Model A perspcctive concernin~ the possible sourcc ,dillbili ty problelllll.s follows:

"We hlld n 99 % evaluation Ihat the controls were openlting as functiouing".

"So the info1111ation that we looked III fur our price test based on that, we nssul11e arc good".

Suhject 3 states a Model n pe.rspective:

"I would plilee II lot of ('()nfidence on tbose nHlIl'lial1lT tr's~s"

"Thnt would redllce my substantive test work"

"and I would already make a prelly good judgment ns far ns how accurate their system is""

Overall, in 7 of the 12 protocols, auditors utiliz.ed evidence concerning internal controls. This primarily
"included the specific compliance test results which indicated tbe reliability qc{ the system of controls directly as

to its effect on the likelihood of material pricing errors. Thus the somewhat morc sophisticatcd. indirect cffect

of internal control source reliability is not as evident in the audits protocols. llowever, in four of the 12 cascs.

some of their behaviors were consistent with such a model.
•Columns 411nd5 in Table 5' reflect other behavi'ors which were noted and classified as the data were being

.. - ... ...._,.,_w,

evaluated. Thus from a theoretical perspective they are "ex post (acto". Model C indicates evidence of auditors

who took a classical, rather than a Bayesian, appmach in interpre.ting the evidence. Th\IS they tended to ignore

other evidence a.l}et;lheir priors when asked to produce a "posterior" and only focused on the direct results of the

tt'st of drtllils slimpk. Clrlldy, Model (' rOlild hllvt' Il('l'n II ('ollllll'tilll\ Iliorkl/lll('lli y 10 IIllukls \'\ IIlId 11 il til('

researcher had thought of it priot· to collecling the data. (In this case it would not be "ex posl facto".)

As indicated in Table 5 two of the subjerts derinitdy utili'/,cd a classkalmodel. Five othels verhalized

decisious and/or evaluations which were consistent with Model C. Thus Model C, which is evidelll in more than

half of the protocols, should be a model to consider when interpreting and utilizing this and other similar audit

judgment research.

The last column indicates evidence of use of a risk components model as a primary or significant part of

their evidence utilization. This type of approoeh is more detailed or "micro" than the rather aggregate models

A or B. Here the auditors altempt to obtain evidence on specific exposures, factors or components thalmay lead

to pricing errors such as cutoff prohlems, costingsystem errors, breakdown in the perpetual inventory or end
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ofperiod invelllory errors. As is indicated in the above table, most auditors utilized this approach 1O somedegree.

The "posterior" in this case aggregates these risks. As nOled in tlt~discussion of the codedoperalOrs, asignificant

number of evaluations and conditional judgments were of this nature.

CONCLUSION

Analysis of the specific protocol operators have provided sOllle indication of how auditors reason with

respect to probabilitY, risk and uncenainly. Risk assessments were frequent in lhe audilor's protocols. In

addition, audilOrs generated a number of questions with respect to statistical aspects of thepdce test. Possible

lack of statis~!ical knowledge raises some question concerning the appropriateness of lIloM!'s which assume a

Bayesian revision process.,
Also, examination of the detailed operators generated by the auditors showed that reasoning by assumption was

not a frequent method of dealing with uiiceitai')ly in this task. '
, .

The protocols also facilitate the assessment of the models or theories that were being utilized. Overall,

evaluation of the protocol data provides only limited support ofModels Aor Bas pervasive models to represent

auditorevaluation ofevidence or Iheirprobabilistic reasoning processes. Further, the data suggest oneadditional

model, the classical statisticalmqrjel and an additional set of risk variables need to be considered in interpreting
"previous research and in conducting future reSCilrch and practice.
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APPENDIX A

Cory Corporation - Inventory Pricing Case (see Washington, 1987, pp.214 - 217 or contact

authors)

APPENDIX B

Operators and Operator Definitions

OPERATOR NOTATION BRIEF DEFINITION

1. Set Goal SG Assigned when .thc slIhjc.ct specifics n goal 10 he

nccomplishcd in performing the. task.

fnformatlon Acquisition Operat~

2. Inforlllation

Search

IS I\~;~if',nrd whcll 11H' slIhjt'cl ,'Will chc~ thl' t'lI~e

I1l'lterii1l.s for specific pieces of information

(directed search) or searches following some

systematic p:lllcrn (usually sequcntial search).

3. Direct R

Reading

4. Algebraic AC

Calculation

A particular type ofsearch opemtor assigned when

a ~;uh.iect reads directly from the case materials.
w

Assigned where subject makes a mathematical

calculation in order 10 obtain new information

about the task.

5. Information

Retrieval

m Assigned when suhject retrieves II previously

stored piece of inl"lll'lllil( ion fl'Oll\ Cx.'~l"lIillIl1t.tIl01Y

(i .e., nOles, calculations) or internal memory.

AnalyticallOeferential Operators
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6. Assli'mption AS Assigned when subject generales an arbitrary

(unspecified) fact about the case.



APPENDIX B

Operutors and Operator l2~tinitions

OPERATOR NOTATION BRIEF DEFINITION

f\pilly(iYill/lnferenriaIOpenHors

7. Conditional

J~dgment

8. Evaluation

9. Decision

Support

CJ

E

DS

Assigned when subject draws a conclusion

(prediction) which is speculative or predictive in

nature. Usually has a degree of uncel1l1i'nty

present.

Assigned when subject makes a definite judgment

about'the task based on some conditionul explicit

or implicit criterion - No uncertainty is present.

Assigned when a subject provides rationale

(premises) to support a decision, recommendation

or alternative.

IO.Generate Query GQ

&tion/Chllice Operators

Assigned when subject raises a question.

--

II. Generate

Ahefllative

12. Audit

Decision

13. Decision

Rule

14. Other

Decisions

GA

AD

DR

00

Assigned when subject generates an ahernative.

Assigned when a subject reaches a definite

decision concerning the specific audit task (e.g.,

"revise planned audit program.")

Assigned when subject specifies a method

including heuristics) of reaching a decision.

Assigned when a subject reuches a definite decision

IluII is not an AD. Typically 00 operators involve

making what in auditlUsks are management letter

comments.
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