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Abstract
Empirical gudiesdiffer in what they report as the underlying relation betwa®ject size
andpercentcostoverrun As a consequence, the studies also differ in freject
management recommendatioWge showthatstudieswith aprojectsizemeasure based on
theactual cost systematically reporn increase ipercentcost overrun with increased
project size, whreasstudieswith a project sizeneasure based dneestimated cost report a
decreas®r no changén percentcost overrun withncreasegrojectsize.The observed
patternis, we argueto some extera statisticabrtifact caused bynperfect correlation
betwesnthe estimated antheactual costWe concludethatthe previousobservational
studiescannot beconsidered aprovidingreliableevidence in favor ofn underlyingproject
size related cost estimation bid$ie morerobustevidencerom controlled experiments

limited to small taskssuggests an increase in underestimation with increasgettsize.

Keywords: Cost estimation, magnitude bias, statistical artifacts, regression analysis,

random error, nomandom samples
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Is there a Magnitude Bias in Project Cost Estimation

Percentage cost estimation error in projects may be measured as the difference
between thactual and the estimated cost dividedliy estimated cost. If the percentage cost
estimation errors positive there is a cosverrun and if negative thereascost underruri
frequently reporte@stimationbiasis the tendency towards higher percentage cost overrun on
larger than of smaller projects. This finding is reporteddsks with sizes ranging from
simple, small scale tasks, e.g, the paper sheet counting td&®yiand Christenfeld 2008
to large engineering projedtideemstra and Kusters 19%ray, MacDonell et al. 1999
Mol¢ kken stvold, Jorgensen et al. 200¥ ang, Wang et al. 2008Explanations in support
of an increase in cost overrwith increasing project sizmayinvolve both human bias,

e.g., increased ovw@onfidencewith increased sizand or complexitfGrieco and Hogarth
2009, andbiases resulting fromational estimation strategies, e.g., #agiance shrinkage
effectthat typically occurs if people base their estimates on the aveoatgs similar
projects(Hatton 2007.

There are studies that report the opposite, hias a decrease in cost overrun with
increased project sizeShe opposite biais, for examplereportedn severakengineering
projectcontextyOdec 2004Creedy 2006Bertisen and Davis 2008 n addition, there are
studiesshowing no significant relationship betweaojectsize andpercentageost overrun
e.g., the rail and road construction projectéHiyvbjerg, Skamris Holm et al. 20p4The
difference in results hawot surprisinglyled todifferences imecommendation®©deck
(2004, who found an increase ipercentageost overrun with decreiag) project size,
recommendhat managers should pay special attention to cost control of the smaller projects
Sauer et al(20073, whofound the opposite biarecommenan the other hanthe managers
to keep the projects small to avoid cost overriihe commorbeliefamongpractitionersas

far as we have experienceslthatthe percentageost overrus of largemrojectstends to be
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higher than thosef smaller onesThebeliefthat larger projects are less predictable and
manageabléhan smaller oness for exampleconsistent wittlthe creation of software
development methods based orcatied Oincremental developmefit@rman and Basili
2003, i.e., methods based gplitting alarge projects into smaller ones.

There may baaturalreasongor the studiegdifferences in reported relationship
between projectize anpercentagecostoverrun There may, for example, bdfdrences in
the ability to and complexity in handling largeojectsin differentcontexts It is, however,
also possible that tretatistical analysetypically used to support the claimed relation
betweerprojectsize andccostestimationbiasareproblematic andauses artificial variations
in the resultsin that case wshould be very careful about makid@ims alout the
underlying(causal QrueQ relationship and recommendatiobased on the analysés.this
pape we claimthatthere arendeedproblems with the analysefhe analysedo not we
argue enable separation oftatistical artifact from underlying relationship This is not
necessarily a problem when the results are used for prediction purposes, dasdilydead to
incorrect inerpretations ofinderlyingrelationships

The remaining part of this paper is organized as folléwst, wereviewrelevant
empiricalstudiesandreportthatthe studies@ifference inresultsseems to be strongly related
to ther choice of project size variabl€hen, we applyegressioranalysisnathematicso
show thathe observegroject size relatedifferencein reportedresultsis an expected
consequenceéstatistical artifactpf imperfect correlation betweehe estimated anithe actual
cost Examinatiors of problems related to random error in project sizasueemenand nNoA
random samples suggest that project size variabla®d tahe estimatedandto the actual
costare likely to lead to interpretation problerige discuss the interpretation problems and
arguethatrobust knowledgabout the underlying relationship between project size and cost

estimation biasnay require other types sfudies an@nalyses, e.g., controlled experiments
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with fixed project size variableend studies aiming at betterdiepth understandingf the
involved mechanisms
A Review of Empirical Studies

In this section we revievempirical studiesthat indicate arunderlying relationship
between project size angercentcost overrun The main purposés to give a initial
assessment of thealidity of general claims regarding the impact of project size on
percentage cost overruhhe assessmens based on thassumptiorthata change from one
meaningfulproject size measure to another should not leaal dobstantial changef the
reportedunderlyingrelationship between project size apercentcost overrun Otherwise,
the resultsare likely to be results of properties of the analyses, rather than the underlying
phenomenon.

Through searches in various digital libraries and reference lists of relevant papers we
identified hirteenobservationaktudies reporting results on the relation between project size
andpercentcostoverrun The studies repoftom engineering projects, particularly software
and infrastructure construction projecthere may beelevantstudies from other domains
that wewere unable to identify, but the selection should be sufficient to deratsstre
methodological problems.

There areseveralpotentialy meaningfulmeasures oprojectsize. Inour reviewwe
found, howevermainly two types ofproject sizemeasureseing usedone related tothe
projects«ctual cost andanotherrelated tathe projects@timated cost. We denote these two
measures ACT (actual cost) and EST (estimated dO$iter measures, such agasures
related to number of people involved calendar timgduration)were sometimes included,
but never as the main project size measarthe analysesf percentcostoverrun This may
be understandabl@iventhatsuchmeasures may h@erceived asess connected with project

size. Aproject mayfor examplejnvolve morepeople or last for a lorg period of timethan
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anotherand still beperceived asmalkr. Project size measures related to the produced output
were not applied irany of the identified studies This may be a consequence of ladk o
measures of produced output that enable compaasooss different project type3he
studieschoices of project size measure, i.e., the cheibetweerthe estimated and the actual
cost were typicallynot motivated by an explicit argumentatioAn exception isthe study
presented ir{Flyvbjerg, Skamris Holm et al. 20p4vhere the decision to use the estimated
(forecasted) costs project size measusebased on the following argumentation:
(First, cost escalation [percentcost overru is statistically confounded with actual
construction cost being part of it, whereas forecast construction costs are not.
Second, the decision about whether to go ahead with a given project is based on
forecast construction costs, this is the decision variable, not actual cost.0
Both argumentsare in our opiniondebatable Both the estimated and the actual cast
included as part afostoverrunmeasures, e.g., when defining cost estimatierrunas the
ratio of actual to estimated co#ts a consequence, both project size measuresaigtically
confoundedwith the cosbverrunmeasurgi.e., there isamathematical couplingetween the
estimationerror measure and the project size meagme Maddick et al. 2004 We discuss
the consequence of this coupling in more detaiSection 3 The validity of the second
argument depends on the purpose of the analysis. If the purpogedgito the percentcost
overrun,it is a reasonable argumeift however, the purpose is to gain knowledge about the
underlying relationshifpetween project sizand percentcost overrun, which we understand
is the purpose of the analyses(kyvbjerg, Skams Holm et al. 200% the argument is of
lesser relevanceThe problematic nature of thehoice of project size measugemay be
illustrated by theextreme caswhere a projecits estimated to be smalbut ended up being
very large.Is this an example o& cost overrun of a small or a large projdti® possible to

argue in favor of the use of the actual ssgeproject size measuresuch cases, sindemay
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be more meaningful to understand project size as the size the project turned out to have,
rather than the size the organization thought the project would have.

Studies on thenderlyingrelatiorshipbetween project size anidgree otostoverrun
naturally bcus on theratio between the estimated and the actual cost, sinds
unquestionable that the absolute difference betwls®actual andhe estimatedorojectcost
tend to increase with increased project sfzdrequently useatost estimation erraneasure

is theratio ofactual(ACT) to estimated EST) cost:

ACT
D =

If this ratiois higherthan 1lthere is a cost overrun, ifig lessthan 1 there is a cost

. . . . . EST
underrun Someof the reviewedtudies uséheinversevalue i.e.,the ratlom, some us¢he

ACT .
value 1- —op SO that zeraost overruncorresponds witlihe value Qand someuse other

varians derived fromthis measureThe reviewed studies sometimes measurgihject size
andthe costoverrunas ordereatategoriesdrdinal scale), e.g., themeasurecost estimation
error andbr the project sizen the scal®small® Omedium©OlargeQNhen both the cost
estimation erroland the project sizare measured asrdinal scaled variablethe presented
analyss is typically based oncrosstabulation e.g., Chisquareanalyses When the cost
estimationerror is measuredas a ratio scald and the project size am ordinal scalel
variable the analysissi typically based on comparing theeanor mediancost estimation
errorof projects in different size categorjesg.,throughANOVA tests When both variables
are measuredsratio scale variables the analysis is typically based oegressingproject
size on cosestimationerror. We denote these three ggof analyses TAB (cross tabulation),
CAT (size category), and REG (regresskmasedanalysis)for the purpose of the discussion

in this article
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The software development projedhcluded in the reviewise project sizeand cost
estimation erromeasureselated towork-effort, notcost. Since workeffort is, by far, the
dominant cost drivein such projectswe decided to use the term cost for those studies, as
well. The methods used to derive tbestestimates in the reviewed stude likely to be

expert judgmenbasedJ¢ rgensen 200Ddec 2004

If a study reportghat there is an increaseﬁl,:l?z with increased project size, we code
this finding as OICOO. This corresponds to an increpsecientage cost overrun (or decrease
in percentage underrun) with increased project. Stk opposite, a decrease%% with
increasedrojectsize, is codecdsOBCOO.If a study reportshat there isieither an increase
nor a decrease i%f,—; with increased project size, this is coded as OCTOGmplify the

presentation we have not distinguished between findings thaépoeed to bestatistically
significant and findings where no sucétatistical information is availableWe find this
defendable sinceve were more concerned with the combined resultsfafmaly of studies,
and not so much the statistical significance of each individual study.

In cases where the data set was available for reanalysimmesent both the original
and theQalternativ®result The alternative resuis the result derived from the analysiben
changingthe project size variableither from actual to estimated cost or from estimated to
actual costWe try to keep thalterndive analysis as close as possible to the original analysis
on all other aspect¥he value @ means thate did not have access to the data set and, as a
conseqguencegn alternativeanalysis was not possibl&he review of thehirteenidentified

studiesaccording to the above variables and coding is presented in Table 1.

<Please, insert Table 1 here>
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The resultspresentedn Table 1 suggest tha studyis highly likely to reportan
increase in percentage cost overrun with increased projec{l&€@3 when measuring the
project size as the actual cost, whilenost likelywill reporta decreas€DCO) or no change
(CCO)when measuring project size as the estimated Thefperhapsstrongest argument for
aneffectof thechoice of project size variable isoweverthe observation aimultaneously
increasgICO) and decreas@CO) in cost overun with increased project siziependent on
whether the actual or the estimated cost is used as project size neasoref the data sets
A strongimpact from the choice of project size variable the reported resulseems to be
independent on whether the analyses are based on cross tabulating categories of project size
and cost overruTAB), comparison of mean cost overrun of diffengrtject size categories
(CAT) or regression analys{REG). We will briefly discuss the reasons for this in Section 3.

We interpret the review summarized in Table 1 as implyfvagthere mg be some
problemswith the robustness of the resudtsd that theeportedresultsto some extentnay
be statistical artifacs of the choice of project size measuféhe next sectioraims at
explaining when and why we should expecthe project size measure dependenst

estimation biasesults observed in Table 1.

The Effect of Choice of Project Size Variable
The relationship between project size and cost estimation eragr be modeled as

follows, using the actual cofACT) as the project size variable

ACT /
2) 2= ACT:
@ 2=,

Correspondingly, wanay model the relationshipising the estimatedost (EST) as

the project size variahle
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(3 % = a,EST"

The expression in (2) implies that there is an increase in percertag@verrun
(disproportionalmore undetestimation or less ovastimation) with increasl actual cost if
I, >0, aconstant estimation errorliff = 0 and a decrease in pentage estimation error if;

< 0. The expression in (3) has the same implication for the a&tdrncostWhen we in the
. . . . (ACT
following refer to cost estimation error cost overrunwe refer to the ratuéﬁ), unless

otherwise stated.

Log-transforming both sides qR) and (3)has the advantage of resulting in linear
models andwhen we use regression to estimate the model parameters (" and !), the
distributions ofdata valuestypically better resemblenormal distributionsthan the non

transformed values project cost estimation contexihe logtransformatiorgives:

(4) ln( ;51?; ) =In(ACT) - In(EST) = In(ey) + B, In(ACT)
(5) ln( ;51?; ) =In(ACT) - In(EST) = In(a,) + B, In(EST)

Therelationshipsn (4) and (5)xan be expressed as:

(6) In(EST) =#In(",)+(1# ! )In(ACT) =", + !, In(ACT)
where ¢, = -In(e)and 7, =" 7,)
(7) In(ACT) =In(ex, ) + (1= 3,) In(EST) = @, + B, In(EST)

where/, =in(’,)and 7, =(1+/,)
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Thus, if we estimate the model parameterof (6) from a dataset using linear
regressiorgiving an estimate, , we can estimat¢he model parametes, of (2) as s, =1-5,.
Furthermore a test ob ! 0 which, if true, would mean that cost estimation error was
correlated withactual project sizecorresponds to a te®f b =1. Similarly, a test of
b, = (b, -1)= 0 Which, if true, would imply that cost estimation error was correlated with
estimated project size&orresponsito a test ofp, 1 1. If by <! then b > 0which implies a
increasein cost overrun with ioreased actual coskf b; < 1 then 5, <owhich implies a
decreaseén cost overrun with increased estimated c@sisequentlyan examination of the
effect of achange of project size variable from actual cos{d)) to estimated cost i(3)
correspond$o a change dhelinear modefrom (6) to (7). Projects are estimated before they
are caonpleted soit may look strange tstudy the timeeversed relationshigt is, however
meaningful to analyze the tinreversed relationshim (6) for purposes of examining the
statistical robustness of finding€ampbell and Kenny1999, p 158159, for example,
recommend timereversedanalysis as a means to check for regression artif@éisn both
the original and the time-reversed analysis yield essentially the same result [Similar b
values] then we should lose confidence in the interpretation of the original analysis.O

If we apply amean centetransformation tdn(EST) and In(ACT) which will not
changethe g values thenboth 7, and /), equalzera Assumingthat (6) and (7) displathe

same underlying relationshgmd a deterministic relationshiwe then have that:

! In(EST In(EST ' _In(4Cr) _ In(4CT) _
(8) p =D _ WESH _ 1 gn /2_%_%_%

Combining thesenodelswe havethat

9) BB =1
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However, when we estimate theodel parameters using linear regressibased on
the usual relationship between the estimate of the model slope and the correlation between

variableswhat we haveés:

(10) bl'b'z -7 Sin(4CT) r Sin(EST) 7’2

Sin(EST)  SIn(ACT)

whereis r the (Pearson«s) correlation betweenlalarithm of theestimated and the
logarithm of theactual cost, §4cr) the standard deviation of thegarithm of theactual cost
and s sy the standard deviation of thegarithm of theestimated cos{(The expression in
(10) alsoshows thathe correlatiorbetweenin(E£ST) and In@dCT) can be interpreted as the

geometric mean of theegression slopesstimates | andb;.)

Comparing theexpression in (9) and (10)we seethat it is only when there is a
perfect correlation between the actual and the estintatsi.e. »* =1, that we can expect
results from analyses based on the estimated cost as project size meaqueadthe results
of analyses basenh the actual cost as project size measure. The lower the correlation, the
more we should expetite results ofthese two analyses to deviatere-expression of (10N
the highly likely context where there is a positive correlation between estimated and actual

costand imperfect cost estimatgses

2
(11) bl'=2_,<i.

2 2

The expression in (11limplies that whenever there isn imperfect correlation
betweerthe estimated anthe actual costywe will find a stronger tendencgwards increased

cost overrurwhenusingthe actual size as project size meadinan wherusingthe estimated
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size.When there is no strong underlying increase diecrease in cost estimation overrun
with increased project sizegether withfar from perfect correlation between estimated and
actual cost, &hange in result from increase to decrease in cost ovetram changing from
actual to estimatkcost is to be expected aadandidatéo explainmuch ofthedifference in
resultsof the studiedn Table 1.

The data set i(Hill, Thomas et al. 2000may serve as an illustratiard the relevance

of the above expressianghe correlationfacr),nesm IS 0.755andthe regression slopg is
0.642 when analyzing the projects tifat data segiving b,=1-0.642 = 0.358, which suggest a

strongincrease in cost overrun with increasguoject size when measured as #loctual cost

By re-expressing (11) we find that =2—2=0.887, giving », =.887! 1=10.113 which suggest a

1

|
strongdecrease in cost overrun with increasemoject size wheproject size igneasured as
theestimated cost.

The aboveexpressionsare based on the situation where the underlying relationship
between project size and cost estimation biax@nined throughegression analys(REG).
The results are however relevant to explain both the cate(@AT) and crosgabulation
based (TAB) analyses. ANOVA and regressimsed analyses ataoth subsets of the
general linear model and useguivalent procedurefHays 1981 Wampold and Freund
1987. We may, for example, generate the same output as in an AN@ddel by
introducing proper dummy variables representing sizegoats in a regression modéin
analysis ofthe frequently highsimilarity between rank (ordered categories) and regression
based analyses is given(iinatolyev and Kosenok 20D9dt is consequently no surprise that
the project size measure dependegsults in Table 1 are independent on whether they are

derived from REG, CAT or TABbased analyses.
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There are alternate waysof explainingthe relation betweerthoice ofproject size
measureand reportedesults A perhaps especially interestiegplanation is the one based on
Oregression to the mea(@alton 188). The interpretation prolems we examine in this
paper areas we see themof the same type as thosesleadingGalton wherhe observedhat
children of tall parents on average weneallerthan their parentgut still taller than theéotal
average) andinderstood thigo mean thathere was a biological(underlying) force that
madepeople get more and moctose toaverage in height. dter, by reversing the anadg,
he found that the parents ohildren taller than the average height had parents that were
smallerthan them(Stiegler 199Y. This implied that children becaméessandlessclose to
averagen height i.e., the oppositef what hefound in the originaknalysis In addition, if
therewere an underlying biological force leading to more average heigbts) all people
would beof averagein heightand the variance in hdig would decreaseln reality, the
variance of heights was quite stabkenally, Galton concluded thahe regression to the
mean effectwas a result of mperfect correlation and not a consequenceuraderlying
mechanisms leading to more and more averhgghts of peopfe The problematic
interpretation of theegressiorto the mean observatiaf Galtonmay be seen as similar to
the interpretation problems our situation replacing the height of the parents with the
estimated cost and the height of tttgldren with the actual casProjects have a random
element in thie actual and estimated cogtssume a neutral situation where its likely to
overestimate asinderestimate the actuabst of a project, i.e., a situation with unbiased cost

estimatesProjects estimated to heénusuallylarge tend tohave morehan averageandom

T H H

HHHHHHHHHHHHHHHH ##
!t is important to separate the prediction that extreme observations tend to be followed

by less extreme ones, from the interpretation that there is an underlying force that causes the
subsequent observation to tend to be more average. The first is prediiction, the second

is an incorrect interpretation of why subsequent observations tend to be less extreme.
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elements in favor of high estimateSnce the actual effort is expected to have average
random elements in favor of higind lowactualcost thoseproject arelikely to beover
estimated.Projects estimated to be unusually smaill, on the other handend tohave
more than averageandom elements in favor of low estimates amaost likely be under
estimated.The consequence is that we wijpically obsere decreasingcost overrun with
increased estimated coétsimilar argumentation can be made to show that we should expect
projects with unusually high actuebstto be undesestimated and unusually low actwualst
to be overestimated. Asin Galtorxs casewe cannot use thisbservationto claim the
existence of an underlying bjas.g., aiologicalforce or human dispositianit couldinstead
be aresult ofrandom variation in thgalues of theanalyzed variablegheregression to the
mean phenomenon hasonfused numerousesearchersMilton Friedman(Friedman 199p
once wrote that IQuspect that the regression fallacy is the most common fallacy in the
statistical analysis of economic dataQ Its sometimes counténtuitive nature also makes it
mislead many redlfe expectations and decisions. Rewarding very good and punishing very
poor performance together with the regression towards the eftsot may, for example,
lead to the impressiondhrewards has a negatieffect i.e., subsequent performance is on
average worse, while punishment has a postifect i.e., subsequentepformance is on
average bettefKahneman and Tversky 1973 more average performance after unusually
good or poor performance is, however, as expected when there is a random variation in
measured performance valugsd do not require any impact from reward or punishment to
occur.

The anaysis in this section shows that the choice betwberstimated antheactual
cost as project size measurdikely to give different, sometimes reversed, interpretations
with regards tovhetherincreasedoroject sizecausesnore or lesgost estnation overruns

While thisproject size measurement dependency of the rewalysbe sufficient to doubt the
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robustness of the presented results, it is not sufficient to claim that we cannot trust any of the
results. If all the analysis problems wereatetl to one of the size measures and none with the
other,onemay argue that the interpretation problems can be solved by selection of the proper
project size variable. The next two sections argues that this is not likely to be the case, i.e.,
there will ke interpretation problems with both types of pobjsize measures. Wiiscuss
two of the elementspotentially leading to interpretation problems, i.e., random error in the
measurement of project size and frandom sampling. There are several other elésribat
potentially contribute to additional interpretation problems, e.g., omitted explanatory
variables, no#inear relationships and multicollinarity. Our goal is to argue that the current
types of analyses are insufficient to make claims about thelyimderelationship between
project size and cost estimation bias. For that purpose, we bé#liaivan examination of
random error and nerandom samplings sufficient.
Random Error in Measurement of Project Size

Measurement afhe estimated and actual cost of projects will typichélyexposed to
random errorThis is a violation of an essential assumptiorofinary regression analysis
which requireghat the independent variables &fixed{or at least have no random airo
A fixed variable is one were the values of the independent variables aaadsebt just
observedas a result of samplingrojectsfrom a population|f the random erroof the
independent variabless substantial,the interpretation of the parameters as indicating
underlyingrelationships iproblematic
The Size of the Random Error

It is, we argue, likely that themeasuremestof actualand the estimatecbstof many
projectsareexposed tsubstantial random error. The measurement of actual ¢c@sh@gst
others,likely to be influenced byncorrect @ inconsistent logging of cost, misunderstandings

in the interpretation ofost dataand, strategicallynisleadingreports ofcost dataEven more
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randomnessn actual costresultsfrom the sometimes very large differenceciost when
different providers complet¢he OsameO projetce., projects that under the fixed variable
assumption would bset to the same siz€here are obbviousreasons not much data from
different companies completing the same project. One exception is the study reported in
(Anda, Sj¢berg et al. 20phere four companies where asked to complete the same
software project, i.e., based on the same requirements, same client and same product
acceptance criterialhe CV (coefficient of cost variancg i.e., thestandad deviation of
actualcost / mearactualcost,wasas low a€).29 The minimumactual costvas only 55% of

the maximumcost of the projects building the same softwdiee same study also report

that theCV-value of the estimated cosivas0.65for a set of software projectsd between

0.1 and 0.3 fodifferent sets ofnfrastructure projectsThe sometimes very largandom
variance in thesoftwareprojectcostestimates aralsoreported in(Grimstad and Jorgensen
2007). In that study, the software developers estimated the effort they would need on the
same task on several occasions over a six months periodanddre deviation between the
effort estimates on the same task by the same developer was as high ahiglétference

may be explained by variation in task estimation sequence, e.g., due tdatissiraffects,
differences in accesbility of previous eperience and other effects that leads to a, from an
observer«s point of view, high random variatioh@i large the developer perceives the task

to be There may beontexts where there are meaningfubject size measures that can be
measured with little random error, e.g., situations wherentbasurement ohumber of
produced outputinitshave close to zemandom erroand is a meaningful measure of project
size Judging from thedentified studies such situations may however be rareealworld

project situations

The Effect of the Random Error
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To illustratehow therandom error in the measure of project siffects theregression
model assume that:
(12)ACT = !"# TRUEe!"#

(13) EST = EST!"#$ eEST

The expression in (12gorrespond to a situation where the measured actual cost
(ACT) is a function of the true actual cost (Afrlg) and a multiplicative error termpgr. It
is, as debated in for examplBrenner 200§ frequently not clear what the tra@luesrefers
to, but this is not essential for the illustration in this sectit may,similar to what is
common in true score measurem@dronbah 1972, be considerecas the mear median
cost of theGameproject when repeated without learning several tinfé® true actual cost
will hardly ever be known in redife context.A similar argumentatiocan be made for the
trueestimated cos{ESTrrug) in expression (13).

Log-transforming theexpressions in (12) and (18ive:

(1) In("# ) = In(ACTrgyg) + €' acr,! K" lejor ! In (epcr)

(15)In(EST) = In(ESTrgyg) + 'y 'W! erelefor = 1In (epy !

When we estimateéhe ! -values of (6) and (7adjustedfor random error in the

Iadj
1

independent variabje.e., and ! ;“” canbe expressed ggderived from(Greene 2003

see also en.wikipedia.org/wiki/Errenms-variables_mode)s

. Szl
(16) b*Y =11 <1 + fi)!

S (g )

Where!selq,# is the standard deviation of ! perland !y gst) the standard!deviation of In (1"
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Sin(AcT)

. Slzl
(17) bi%Y = b, <! + 2—#>I

where!,; is thelstandard I"#$%&$'(lof excr and Sipcacry t! e'standard "#$%&S'(lof In!(A:

The above equations are based on several assumpibbngecessarily mete.g.,
independence between the random error and the independent variable and an unlimited
sample, and it is mainly included for illustrative purpeseomprehensive discussion about
the effect of random error in the indepent variables can be found in, for examf{endall
1951). We seefrom (16) and (17}hat when the random error in the independent variable is
large compared to the total var@nofthe values othat variable, the reportedvalues will
be lower than the true (underhg) !-value A deflated bj-value means that studies will
report a todhigh increase in cost overrwith increase project size when using actual cost as
projectsize variable. A deflated -value meanson the other handhat studies will report a
too low decrease in cost overrumth increased project size when using estimated cost as
project size variableEarlier, we argued thathereis likely to be a substantial random error in
the measurement dioth the estimated and the actoabtof a project This meanghatthe
random error in the estimated and the actual @st explainmuch ofthe observed project
size measurement dependent results presamf€able 1.To adjust theb-valuesfor random
errorusing (16) or (17yve either need to know the standard deviation of the random error or
the ratio of standard deviation of the random error to the standard deviation of the total
variance of one of the variables. typical projectcontexs, we are unlikely toknow any of
these values.

Simulation of the Effect of the Random Error

To illustratethe effect of what we think is in some project contextsadistic amount

of random error in the mearement of actuahnd estimateaost in a situation with no
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underlying effect ofproject size on cost estimation etrore., a CCGrelationship,we

produceda data sebased on the followingcenario

1. The true actual costalues(ACTrrug) Of 5000 projectsare randomly drawn from a
uniform distribution with values between ID@&nd 10000 cost units.

2. The true estimated cost (Efxlg) is set equal to the true actual cost. This ensures that the
underlying relationship betweestimatedandactual cosis a perfect linear relationship,
i.e., brrue = 1.

3. The random errarof the actual cosieact) andthe estimated cost fer) are randomly
drawn from a normal distribution with mean 1 and standard deviattBis implies a
CV-value of 0.2 which may be similar to what is reported for some types of real life
projects (Anda, Sj¢berg et al. 20P9 These error terms are, see )(12nd (3,
multiplicative and epresent a situation where 68% of the measurerdentate less than
20% from the true valuéelhe ratio of the square of the standard deviation of the random
error to the total standard deviation iis this case0.11. The error distributios are
symmetricand identical for all project size valyeshich is consistent witan underlying
(true) CCQrelationship between project size and ansrrun.

4. The observed actual and estimated samte calculatedapplying (12) and (13)
respectively.This results in acorrelation betwee®CT and EST of 0.8&nd between
In(ACT) and In(EST) of B9.

5. The regression analysis of the oridii@) and the alternativé7) model is conducted on
the logtransformed values of actual and estimated cost. The distribudfotihe error
terms of the logransformed models are then not perfectly normally distributed, but
sufficiently normal for our simulation purposes.

Since the standard deviation of In(ACT) equals that of IN(EST) we will havé tkat

b, = r = 0.89 While b/ = 0.89corresponds t@, =1-0.89=0.11 implying noticeable increase
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in cost overrun with increased project sizg, = 0.89 corresponds tob, =0.89-1=-0.11

implying the opposite relationship.

The Effect of Narrow Project Size Intervals and Random Error

As can be derived from (16) and (17), the deviation between the observed (0.89) and
the true (1.0) regression slope equals the ratio of the squared standard deviation of the
random error and the squared total standard deviativaspond to the differenc&he need
for b-value adjustmento reflect underlying relationshigs consequentlyguite sensitive to
the interval ofproject szes studied. If we, keeping all other values eghad restricted the
simulation to project sizes between 1000 and 2000 cost Uhiend! ; would have been
0.47, whilethe samesimulation with project sizes between 1000 and 100000 cost units would
have led tab/ and! ; values 0f0.94. Consequetty, not only the choice of project variable is
of potentialrelevancefor the reliability of the analysewhen there is random error in the
variables, but also thsize interval of the studied projectsin the extreme case where all
projectsareof almost the same trwectualsize,nearlyall variance in the cost overrun would
be due to random error in tpeojectsize variable anthe need for adjustment of thevhlues
would be very strongWe should consequently be especially careful in otarpmetation of
the parameter®f regression models when the projects do not vary much irasiz¢herds
likely to berandom error in théndependent variabée Consistentwith the relevance athe
effect of narrow project size intervahd illustrating the potential relevance of the above
argumentationwe find for examplea substantiakorrelation(0.54) between the rank of the
b/ values and the rank of the standard deviation of In(ACT)

The relevanceof narrow intervals can be furthdtustrated by an analysis of the
dataset iCreedy 200% We split this data set into two equally sized sets of projects based

on estimated cost higher or lower than the median estimated cost. This had the consequence
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that the standard deviation of the buddetest of the smaller projects is quite low, while the
standard deviation of the data set of larger projects is not much affEcta@lation between
project size measured as actual cost and estimation error goes from GCO.(14) to ICO
(b1, smaLL = 0.13) forthe data set of smaller projects, while the changeinatue for the data
set of larger projects isnly minor (b, arce = 0.01). It is, of course, possible that there is a
different relationship between project size and cost estimationfdriasmaller and larger
projects. The problem is that we cannot know to what extent the results are consequences of
nonrandom sampling and to what extent it represents underlying relationships.
Results from Experiments with no Random Error

A study presented ifRoy and Christenfeld 200 interesting becausei# based on
random allocationof treatmentand fixed task size variable The use of fixedtask size
variablesremoves the problems of random error in ithdependent variabland the use of
random allocation reduces the problem of omitted independent variabthe regression
models In that study, he participants were randomly allocated to éfflert estimation and
execution of theounting of a pileof papersheetdixed onthe task size50, 100, 250 or 500
sheets The original analysis in the paper exposed to random error effects, i.e., it uses the
log-transformed actual effort as thask sizevariable and the lotransformed ratio of actual
to estimated effort as theost biasvariable We received the data set from the authors and
found the same pattern as in the studies in Taltkeh using the random task size variables
Largertasks tended to be undestimated, whilesmallertaskstended to be ovesstimated
(b: = 0.18) when using the actual effort as project size variable, vdnigger tasksended to
be overestimated and smaller tasks undstimatedb, = -0.135 when usng the estimated
effort as project size variablg, howeverwe instead of using the random variables., the
estimated or actual effort, use tlogarithm of thefixed variableGhumber ofpapersheets

countedas our project size variablae find the regressiorslope0.241, i.e., support for the



I"HSY0& &H(H) (+1$,-&H | (HI+H 018 2$H#20"$H&"S!) ($10+ 344 55

increase of undesstimation with increased task siz&nother studywith small tasks,
applyingfixed variablesfinding the samencreasds described inHalkjelsvik, J¢érgensen et

al. 200). That study found thatfger reading taskssaefined by number of ggs, were
associated with decrease in the expected reading effort per page. Although actual reading
performance was not assessed, the results indicate more underestimation (less
overestimation) for larger tasks.

These two studies indicata underlyingrelationshipwhere an increase in task size
produce more estimation overrurWhile limited to two small tasks, none of thevery
interesting inthemselvestheseresuls are statisticallymore robustthanthosebased orthe
observationa(nonexperimentalprojectdatain Table 1 The problem is, however, that it is
hardly feasible to do similar random treatment expents wth more ecologically valid
largerprojects.

Non-random Sampling

A correlation between the model errfihe non-explained variance of the dependent
variablg and one of the independent variables leads to biased model parafrtaetetgpe of
correlation may be a result mfcorrectlyspecifiedmodel e.g.,throughomitted variableshut
may also be a result ebrn-random samplingHeckman 1979 Nonrandom sampling may
be a consequence of practical concerns, elgta collection limitationsor caused by
processes inherent in the phenomenon under sAglis the case witincorrectly specified
models, the directioand sizeof thetotal bias is in general hard to pred{&erk 1983. We
will in this section argue that nemndom samplingontributes to the interpretation problems
of observational studies ohe relation betweeproject size and cost estimation errdn
extensive list of sel¢ion biasesleading to norrandom sampless given in (Delgode
Rodriguez and Llorca 2004In the ontext of project cost estimation, the following two

selection biases may be particularly interesting:
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1. Data colledbns limited to projects within a particular size intervalg., exclusionof
projectswith budgetsor actual cost smaller or larger thapeatain value

2. Overrepresentations of projects with owastimistic cost estimate®roject bids based
on overoptimistic cost estimateare nore likely to result in a projecifThis is evident
from, for example, the results reportedlitinze, Selstead et al. 199&here theaverage
cost overrurwas found to increaswith the number of biddersn competitive bidding
rounds this bias may be substantial and is frequéetiyed Othe winner«s curseGhe
OoptimizerOs curs¢@mith and Winkler 2006 but the bias will also be present in
situation where a company has to prioritize between projects and selects thiéhahe
estimated best cebenefit An over-representation of projects withigh cost overruns
means that we do not evaluate pitbject cost estimateswhen the set of completed
projects is the population of interdbts may not be considered a A@mdom sampleln
our case, however, we are interestedstimation biases. Clearly, it would be incorrect to
make claims about estimation biaséghe observedeffect is mainly a project selection
bias

Figures 12 illustrate, inspired by the presentation(Berk 1983, how the abovdwo

situationsmay affect theregression estimate, , of the parametey, in model (9, i.e., the
mode| In(EST) =, + B In(ACT)andthe regression estimate, , of the parametep, in model

(4), i.e.,the modelln( ACT
EST

)=1n(ACT)—ln(EST) =In(ey) + B, In(ACT) . As before, dest of », #1 in

first model corresponds @test ofp, #0 in the secondmodel The choicebetween (4) and (6)

in the two figures is therefomainly motivated by ease of illustratioWe use the same data
set as in the previous simutat (Section 3) This data setrepreserg, as beforea situation

where the underlyg (true) relationship is true slope is 1, but the observed sloge i8.89

(and consequentlys, = 1 B 0.89 = 0.11) which suggest an increase in cost overrun with
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increased projecsize The boxes in the figuresepresent the variance of the dafdent
variable.The regrssion line in the middle of thieox is theline found when including the
whole data setwhile the dotted lineis the regression line rekkng from the reducednon
randomly selectedjata set. The reduced data set is the full data set (the whole box) without

the shaded area.

<Please, insert Figure I here>

Figure lillustratesthat an exclusion of projects with lowost estimategeads to a
furtherdeaease of the slope, i.e., tslbpe even more deviating from the true sltpn the
observed slope, whictvas alreadydeflatedfrom 1 to 0.89due to the presence of random
errorin the measurement of actual cdSimilarly, exclusion of projects with higestimated

cost wouldalso deflatehe », -value.In this simulated case, norrandom selection based on

thresholds of the actual cost wouldt affect the regression slopghen using the alternative
model in (5), it is however a namlandom selection based on thresholds of the actual cost that
deflatesthe regression slopd®ata sets based on threshold on either the estimated or the
actual cost will consequently contribute the diverging, project size dependent, results
reported in our review in Table [t.can bederived from this that&ven whenwe arenot really
interested in the smaller largerprojects, they may have to be included to enable proper
interpretation ofparameters of theegression model$:or the same reason, the naremthe

project size interval studied, the stronger the biasing effect efaraom sampling.

<Please, insert Figure 2 here>
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Figure 2 representbe winnerOs curs#uation whichis commorwhen, for example,
bidding for large infrastructure and software development proj&esarly, te actual
situation is far from as simple as presented in Figure 2, but the effgdie similar, ie., the
slope will be deflatedin this casene have thathe slopeof the subsampleis closer to the
true slope(which is a slope of 0)However,the total effect of all types ofnonrandom
samples is typically hard to predidthe nonrandomness illustrated in Figures 1 andadz2
example seems tompactin different diections and the total effedepends on whicbf the
project selection biasestise strongest.

Most studies do not say much about their inclusion and exclusion cotedigcuss
the effects of potential selection biases. pbeentialrelevance of nomandom samples may
nevertheless be illustrated by tinge of a data set only including projects which had exceeded
budget by more than 10% {€reedy 200% (which is likely to reduce the effect of project
size of cost overrun), theonrandomness of the data when relyorgpublicly available data
and voluntarily responses from surveyas in (Heemstra and Kusters 199Elyvbjerg,
Skamris Holm etal. 2004 Odec 2004 Creedy 2006Sauer, Gemino et al. 2007Bertisen
and Davis 2008Yang, Hu et al. 2008 and the cut off value of larger projects as a results of
a focus on maintenance tasks anthllerwork packagesasin (Gray, MacDonell et al. 1999
Hill, Thomas et al. 20Q0van Oorschot, Bertrand et al. 2003n additions comes the
unavoidable selection biases relatedhe OwinnerOs curseO and lack of inclusion of projects
that were started, but never completed. Projects started, but not compiteaffectthe
analysis, since projectgith high actual cost tend to have lower survival g@auer Gemino
et al. 2007], i.e., the larger thproject and theost overrun gets, the less likely it is that the
cost overrun will be measuraahd included in the data set

Discussion and Conclusion



I"HSY0& &H(H) (+1$,-&H | (HI+H 018 2$H#20"$H&"S!) ($10+ 344 59

We havein the previous sectioregguel that there are reasons to doubt the robustness
of observational studies on the relation between project size and cost estimatidinéras.
are a couple oflaboratorybasedsmall tasksstudiesthat avoid the interpretationproblems
through fixed size variable values and random treatnfdmsewo studiessuggest that there
is an increase in effort (cost) overnwith increasedask (project) sizdn the otherreviewed
studies howeverwe cannot know with confidence whettthe reported results are statistical
artifacts or representinderlying relationshipsiAs a consquence, ouempirical knowledge
about how project size affectsst@stimation bias irealworld project situations seems to be
weak

The problemswith statistical analysesf observational data in situations with random
error in the independent variables amttorrectly specified models (includingmitted
variables andhonrandom samplingare not ungue for cost estimation studies and several
solutionshave been proposedo correct forrandom errotin the independent variablge
may, for exampleuseinformation about theandom errorof the independent variahléhe
ratio of the random error to the total varianmethe ratio of random error of the dependent to
the independent. Orthogonal regression anal{@Gerol and Ruppert 1996for example,
assumes that thievel of ran@ém error is the same in the dependent and the independent
variable and the method proposed(Blomquist 1988 that the ratio of the variance of
random errors of the depdent to the variance of independent variable is kndwea.may
also useOmethod of momentsOinstrumental variablegRuller 1987, the geometric mean
functional relationshims suggested ifBarker, Soh et al. 1988and,analyses of the change
in variance (Oldham 1962 To what degreesome ofthese methodsolve theproblems
relaied to random eor in the independent variable in the type of analyses discussed in this
article, without introducing new problems hard to tell. A general observation is that the

methods seem taequireinformationdifficult to collect or assumptionglifficult to evaluate
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The corrections couldhereforeeasilylead toeven larger analyses biaggtausman 2001
As an illustrationof to what extent the error in the inmendent varialelis random is hard to
evaluate which may have as consequence thedrrectionstased on this assumptions does
not improve the analysesee (Reichardt 2000 Even if we managed to control for the
random error in the independevariable there will be remaining problems, particularly the
problem ofincorrectly specified model Similarly to the problems with random error in the
independent variable, there are numerous methods proposed to correct for misspecification
The main strategies are related to inclusioradditional, relevant variablesgollection of
additional information which enable bettgpecification of the model and adjustments for
missing variablegMarais and Wecker 1998However, as pointed out in for expha (Clarke
2005, these strategies may sometimes increatieer than decreasiee bias of the analyses.
As an illustration,Griliches (1977 argues that small amounts of measurement error in the
control variables (variables added to avoid the omitted variable bias) Oare magnified as more
variables are added to the equation in an attempt to control for other possible sources of
biasOIn additon, adding more variables may lead to problems with collingvitiiteside
and Narayanan 198@nd there is a complex relatghip between sampling strategies and
proper regression analysis, as pointed out in for exafWileship and Radbill 1994

A solutionto the analys problems desnotonly have tosolve the challenges related
to one problem at the time, but all problems simultaneously.that purpose, it may be
necessary to rely on controlled experiments with random allocation of project sizes and fixed
size variablesThe main limitation of controlled experiments isowever as pointed out
earlier, that it is hard to study projects of the sizes that are typidatimstrialcontexs, e.g.,
in cost estimation of engineering projecidternatively, one mightry to better understand
the wnderlying cognitive strategies when estimating the cost of projects. This way one may,

for example, find situations where people typically assume linear relations between size and
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cost, while there in reality is a ndinear relationship. The result presed in (Staats,
Milkman et al. 201} suggests for example that there is an underestimation of coordination
work and that this underestimation increases the more people involved in the teartf work.
this is a robust finding, it means that it is likely to see an increase in cost oweittun
increase in project siaghenthe increase in project size also meangarease in number of
people involvedMore indepth studies of this type, with more realistically sized projects,
may lead ta betterunderstanding of the relationship between project size and cost overrun.
Even if we were able to identify project sikased cost estimation patterns, we should
be careful about interpreting them as human biases. Several rational cost estimation strategies
would lead to a pattern with increased cost overrun with increased ecttaThe use of
analogybased estimation is one such strategy. This estimation strategy is based on the
selection, from memory or databases with historical information, of projects that have
characteristics similar to the one to be estimated and usetha& cost of these projects as
input to the cost estimate of the new projeldrgensen, Indahl et al. 200®ne may for
example choose to use the mean cost of similar, previously completed projects as the
estimated cost of the new project. This is likely to lead to lower variance of the cost estimates
(variance shrinkagehan of the actual cost values. This, in turn, will contribute to more
overestimation (less underestimation) with increased actual cost. In order to find the opposite
relationshipin the regression modelse., that the cost overrun does not change oredses
with increased actual cost, the variance of the estintatstthas to increase compared to that

of the actual costo that:

SIn(ACT)
(18) SIn(EST) ! p
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The expression in (18) shows that in situatiohnew the correlation between the
estimated anthe actual cost is low, the variance of the estimated cost has to be much higher
than that of the actual cost to observe a decrease in cost overrun with increased actual cost
(DCO). Assume, br examplea correlation of 0.8 between In(EST) and In(ACT)this case,
the standard deviation of the logarithm of the estimated cost has to be 25% higher than that of
the actual cosio observe @onstant or decreasing cost overrun with increased pragacal
cost We have not been able to identify meaningfuk essimation strategies that would lead
to this substantial level of increase in variance from actual to estimated cost. In other words,
there are reasons to expect an increase in cost overrun with increased actual project size even
when rational estimatio strategies are applied. An examination of the studies in Table 1
where we had the data setvailable (six studies) indicates that thentgpscally a decrease in
the variance of the estimated compared to the actual costn&hestandard deviation of
IN(EST)is 6.2% lower tharthat of In(ACT). Only one of the studies had an increase in the
standard deviatioof the estimated cost and that increase was small (2%).

So, what do wecurrently know aboutthe effect of project size on cost estimation
bias? Is there valid evidence to support either a division of larger projects into smaller ones or
to join projects into larger ones to increase the planning abilitiesértunately, we do not
have strong eviehce either in support @itherdivision or joining of projects. The limited
evidence that is likely to be methodologically sound point in the direction of thatrtiagre
be an increase in cost ovean with increased project sizeut this evidencas manly valid

for very small tasks that are not closely related to engineering projects.
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