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Analysis of the distribution of the number of biddersin construction

contract auctions

Abstract

The number of bidderdy, involved ina construction procurement auction is known

to havean importanteffect onthe value of the lowest bid and the mark up applied by
bidders.In practice, for exampleat is importantfor a bidderto have a gooéstimaée

of N when bidding for a current contra€@ne approach, instigated by Friedman in
1956, is to make such an estimate by statistical analysis and mod8lhegthen
however, finding a suitable model folN has been an enduring problem for
researchers and, despite intensive research activityeirsubsequent thirty years

little progress has been madelue principally to the absence of new ideas and
perspectives. This paper resumes the debate by checking old assumptions, providing
new evidence relating to concomitant variables and proposing aweei. In doing

this and in order to assure universality, a novel approach is developed and tested by
using a unique set of twelve construction tender databases from four continents. This
shows the new model provides a significant advancement on preversi®ns.
Several new research questions are also posed and other approaches identified for

future study.

Keywords Modelling; ForecastingBidding; Tendering;International comparison

number of bidders



Introduction
An importantconsideration fobidderswhen preparin@g serious constructiotender
proposalis the likely number anddentity of theopponents to be face&tudiesof

construction companies the U.S. (Ahmad & Minkarah, 1988andthe UK (Shash,

1993) for example, have found thito beone of the three most important factors that
conditiors mostbidding decisionsClearly, any relevaninformationwill be useful
when making the decision to bid (d2b) and in strategically setting the bid price to
increase the probability of winnirte contract and making sufficient profit.

There is also strong evidence that some tender results, or at least their probability
of occurring, have systematic differences depending on the number of bijlers
involved. For exampldhigh values oN tendto increasehe correlation between the
mean bid andhe high and low bids in collective bid tender forecasting models

(BallesterosPZrez et al., 2012; Shrestha & Pradhananga, 2BHiémore, 1981b)

and the effect of theZ L Q Q H U [QageX &t WIH 197Skitmore, 2002 N has also

recently been shown to be proportionathte amplitude of the bid standard deviation

(BallesterosPZrez et al, 201%). Moreover, N plays an important role in

combinatorial auctions, with higiN increasing computational complexity when

trying to find the best combination of winnefSukuta & Ito, 2007; Sandholm,

2000)

The traditional approach tanticipating N in practice is through personal

experienceof the past participation rate of biddersmostly in terms of project

characteristis (e.g., owner, type and sizg)d nearby locatio(BallesterosPZrez, et

al., 2010; Fu, 2004)Attempts to forecasN more systematically bynathematic

modek have met with little success. The most popular of these have been to resort to

a probabilistic approach by treatitfyas a statistical variable. Friedman (1956), for

example, suggestl that N might follow a Poisson distributioo a lesser extent,

similar approaches have been tried in forecasting the identity of bidders, or a group
2



of specific key competitors that might enter a future tender, but with even less
succesgSkitmore 198§.
The debatein theearly yeardecame very intense ttnes,with studiesproving
and refuting differentpropertiesseenmngly exhibited by N in specific contexts,
countries or just according the nature of the work involvedBy the late 1980s,
however the controvergesjust stoppedvithout aresolution as researchegsadually
ran out of ideas and enthusiasm.
The purpose here is teevive thiswork by revisiting the major achievements
made during the period 199886 dong with someuntestedater ideasand propose
a new improved,model to describe the statisticaktlibution ofN. In doingthis, a
complete and varied set of twelve construction tender datali@sesaround the
world is analysed for the purpose of generalisatidre result is aritical view of
pastresearchwhile stimulating again a productive dission on a subject that, as
previously acknowledged is of considerable importancéom both owner and
ELGGHUVY VWDQGSRLQW DQG VWURQJO\ OLQNHG WR R
The paper is structued as follows.In the next section, a thorough but
summarised literature revieiwprovided This is followed inMaterials and Methods
by an outline of thenain features and countries of origihthe twelve databaseand
the subsequent research methodology. Next, Ghtulations section tests the
suitability of a varietyof generalstatisticaldistributiors for modellingN, the effect
of contract size anthe development of a composite taistribution model for.
The Resultssectionthenprovides a final comparison ofhe modelsconfirming the
superiority of thenew compositemodel. The Discussionand Conclusionssections
summarise the work, posing\eral new researchquestionsand identifyingother
pathsfor future study.The SPHULFDQ WHUP ér 8lkRe XOMXHPRHIARD ™ DQC

(XUR SHD Q &¥vitda@e@ kbt as synonymous



Literature review
There have been several thorough reviews of the effédtoof auction results (e.g.,

Dyer et al., 19891 evin and Ozdenoren, 2004u, 211) and these will not be

recounted here. Instead, we are concerned withstastical nature of N as a
precursor to its potential predictioi is well known in both practice and theory that

N generally varies with the project type and s{eeg., Azman, 2014; Drew and

Skitmore, 2006)client and specific locatiofAl-Arjani, 2002; Benjamin, 196%nd

even with market condition®gai et al, 2002; Skitmore, 1981a)

Forecastingits valuein advane, however is more problematicthe earliest
treatmenbeingFriedman (1956)who suggestea variety of method®&r estimating
its expectedvalue One way is to use theften little information available abow
FRPSDBRPSHW L Wdsinchrib@atod Qi WV PDQDJHUVA H[SHUL
approach reiterated bRubey and Milner (1966)vith especialemphasis on the
contract type and sizavolved

Another suggestion igo exploit the statistical relationship betweerN and

contract size (the complete budget to casy the project)(Friedman, 1956)a

reasonable enough assumption at that time of open tendering in thadJl&ger
projects are generally associated with larger (dollar) profits and thetéele to
attract more biddersEmpirical studiesattemptirg this are quite limited and

inconclusive, howeverGates (1967and Wade and Harris (1976)ave applied the

methodto U.S. dataproducinggenerally wealpredictive reults Other empirical

U.S. researchis even less supportivdinding no significant linear relationship

betweenN andcontract size, nor betwe@ontract sizeand the number of suppliers

and subcontractors involvdd.g. Sugruel977) 6 NLWPRUHY|V DQDO\VL
construction auctions, however, where selective tendering is the norm, surprisingly
found a weak to modate correlation betwedx and contract sized possible reason

for the general lack of correlatiadn the U.S.suggested byark (1966)is that the
4



relationship betweeN andcontract sizanay be nonlinearAlthough this has yet to
be tested with U.S. dat&kitmore's (1986JK analysis foundhe correlatiorto be
certainly more appant when contract size wasinsformedo a log scale

The only otherempirical approach to forecastinyg is Skitmore's(1981b)study
of several international tender datasets from different time periods, which identified
an apparent relationship betweed and market conditions However, no
mathematical modelvas developed for thisToday, the general conclusion is that
using some measure of contract sik provide thebestmeans bestimatingN and
certainly an advancement oansideringt to bepurelyrandom(BallesterosPZrez &
Skitmore, 2014)aview that has been dominesinceRickwood (1972)

For statistical applications involving, besidesestimating its expected value, it
is important to be able to make some assumgtoncerning itprobability density
function (pdf) In addition to bidding strategied)i$ has important ramifications in

Auction and Game theor(Klemperer, 2004)driven by the different outcomes it

produces on several types of auctions formats and under different types of valuations
used bybiddersof the auctioned itemdleverthelessthere isa long listof proposed

candidatesThese iclude thenormal (BallesterosPZrez et al. 2013a, 201 4hiform

(BallesterosPZrezet al 2013b), gamma (EngelbrechiWiggans, 198Q) Laplace

(BallesterosPZrezet al. 2015) and Weibull(BallesterosPZrez & Skitmore, 2014)

Of particular interest is the Poisson distribution, considereriagman (1956),
as likely to 31 XUQLVK D farRNRv@ludg. Masoning thasimilar individuals
independently decidg whether or not to bidor a particulaitem isequivalent taN
following the binomial distributionwhich, when the average of the number ofsigl
a small fraction of the total possibles well approximated byhe Poisson.This was
later seemingly confimed by Keller and Bor's (1978gmpirical analysis of the
bidding patterns of a significant number of similar construction contracts in which

their results agreed with the Poisson distributio FRQWUDVW 6NLWPRUI
5




empirical anajlsis of three sets of Ukonstruction tenderfund no significant fit

with the Poisson(N=51, X 6.2, s&=2.1, £, 20.7; N=218, X 5.7, sc-1.1,

£  164;N=373,x 5.1,s¢=3.8, £ 3L14). Meanwhile, thers making use of,

for example, US. Outer Continental Shelf Statistical summary of 1976 to 1978 oil
tract auctions, foundN might follow not only a distribution different from the

Poisson but even bimodal distributigi&gelbrechiWiggans, 1980)

On being criticized by other researchers theoretical groundg;riedmanthen
modified his original assertionto the distribution ofthe residualof a regression
betweenN and contract siz§ EngelbrechdWiggans, Dougherty, & Lohrenz, 1986)
Others, howeverhave suggested th@ormal distributionto be a better option to
reflect the random variability aduchresiduals za point supported empirically by

Skitmore (1986jor contract sizevith and withoutogarithmictransformation.

Since then, a compromise solution has been to consider the number of bidders as

a purely stochastic variable in experimental settihvsAfee & McMillan, 1987)or

as a fixed value in Game and Auction thef@idarstadet al, 1990) although quite
surprisingly the Poisson model has endured since the very first delorated

compilation & auction and bidding models frotark and Rothkopf (197%nd

EngelbrechiWiggans (1980)to modern and current online auctio(Bajari &

Hortacsu, 2003)

A completely different approach to estimatifgis to try to identify who the
actual bidders might be. As with horse racing, where the same horses often race
against each other, many contracttasd to prefer construction work of a certain
type, size and loca&in and therefore can be expected to bid against each other quite
regularly. In the U.S., however, &orin and Clough (1969)ote it is quite usual
IRU WKH VDPH ELGGHU WR VXEPLW SURSRVDOV IRU GI

decision to bid (d2b) ialsolimited by the number of contracts that can be managed

6



at any one tim¢Skitmore, 1988)Both of these factors lead to a situation where the

same contractors bid less frequently against each other thdint begotherwise
imagined, makinghe predicton oftheir presence on a single auction a very difficult
WDVN LQ WKH DEVHQFH RI pLQVLGHY LQIRUPDWLRQ Z|
as being tantamounto FROOXVLRQ $Q DOWHU®RDWQEHOIRR NWR
Skitmore's (1987yesearch in the U.S., for example, identified several informal
PHWKRGYVY XVHG E\ FRQWUDFWRUV WR DVVHVV WKH VW
flying over their main compound to see the amount of machinery lying idle!

The use of statistical methods is possible, wilade and Harris (1976pr
example suggesting to treat the identities of several bidders and their groups
probabilistically but there ardifficulties in this, particularlyinvolving the identities
of those from whom the forecasting company does not have any informakisn
KDV OHG WKH WHQGHULQJ WKHRU\ OLWHUDWXUH WR F

DQG 3V W (SRit@drel 1986)

Since 1986however,there has been no further ikain this area(Ballesteros
PZrez & Skitmore, 2014nd we will leave its consideration forsaparate paper on
the topic.Similarly, with the exception of additional studies such asAllyias and

Nu—ez (2009) Skitmore (2008) and Costantino et al. (2011there has been no

further empirical work concernintpe statistical nature dff andtherefore previous

assumptionsvill not be considereturtherhere

Materials and Methods

Tender datasets

In order tomakea thorough analysisf dhe distribution ofN, a comprehensive and
representative set of construction tender databéseseeded However, such
databases are generally difficult to obtain because there are very few published in the

regular scientific construction literature mostly duetheir length Therefore,an
7



intensive and detailed searalas carried ouand acceswasobtainedto documents
only available in printedorm, mostlyin MSc and PhD thesewhere the original
bidding data was complete and unproces$ad resulted in the collection tivelve
databasessome in theoriginal D X W K R U { Yorid &nld @@h@rbté€gjuiing a visit to
therespective university repository.

The twelve databasesontain constructiorbidding data from four continents:
Europe United Kingdomand Spain), AmericaUnited State Asia (Hong Kong)
and Oceania (Australia), all featuring di#et types of construction workom
different time periods Table 1 summarizes the most importaspectsof each
database.

For the sake of clarity, the tender databases are edféor by the numerical
LGHQWLILHU VWDWHG LQ WKH FROXPQ PDUNHG 3,"

<Insert Table 1here>

In general, the sample described in Table 1 is considered sufficiently representative,
since the twelve databases analysadompass different works such as: buildings
(housing, aeronautics, schools, hostels, police and fire stations), civil works (waste
water treatment plants, railways) and services (specialized and general). All decades
from the sixties until now are repesded either completely or partially by at least
one dataset and their sizes are large enough (from tens to hundreds of contracts) to
carry out thorough statistical anadgs Furthermore, concerning the variable number
of bidders, the databasemngefrom low (meanN of around 5) to high (around 31)
numbes of bidders, whose dispersion values are more or less scattered (see standard
deviation column), have different levels of positive skewness (no dathset
negative skewness), as well as differemels of positive and negative kurtosis.

Finally, it is also noted that, among the twelve databases, the six from the United
Kingdom and Australia used selective tendering, that is, the owner invites only

certain bidders and therefore sets an wmoemd onthe value ofN. However, the
8



results obtained later seem to be very similar for both open and selective tendering

processes.

Outline ofMethodology

In the next two sections, sevefattorsthat either directly or indirectlgffectN are
identified from the twelvedatabasesFirst, the analysis begsmwith an extensive
comparison of the goodness of fitafrange of commoastatistical distributions and
an attempto deduce why some distribatis perform better than otheidext, the
relationship betweeN andcontract sizes analysed in both natural and logarithmic
scales,and studiedo seehow predictablythe statistial mean, standard deviation,
skewness and kurtosis vawhen pbtted against contract sizand somegeneral
behaviour patternare provided. Finally, a new model fodescribing the statistical
variation ofN is presented along with the justification of its main assumptidhat
boththe frequency of contract sizaadthat the population of potentially interested
participating biddersare log-normaly distribued As is eventuallydemonstrated
from thelargevariety of statistical curve shapes that can stem frasnntledel and
the thoroughstatistical distribution fit testperformed the model representa
significant step forwardin this topic. The next sectionis divided into three

subsectionslescribing these analyses in more detail.

Calculations

Comparison ofjoodness of fit dftandard statistical distributions

Of the manystatistical distributiongroposed to dated modelN (Passon,normal,
gamma, Weibull, Laplacestc) no clearsingledistribution hasyet been foundwith
different studiesmaking use of databas with differentcharacteristics that amot
always identified.To analyse thdwelve databases $ destis applied to gery

distribution which are then ranked accordingtb@ numbeof times the sum ahe
9



square residualsarebelow W KH F U Lvilue$ @sihgdidree levels of significance

r=1%, 5% and 10%) andthey DOXHV 7KH PRUH W lésthMbald H DFW X
WKH FUlvalles @dn @ t 3 on average), the lovgethe pvalue(from O to 1,

on averageand hencéhe better fitof thedistribution.

The range of distributions testad basically restricted tdhe locationscale
family, asthe parameters that define these distributions have true physical meaning,
improvingthe understanding of the underlyiristributioninvolved In addition, the
gamma and Weibull distributions were also tested because of their prevalence in the
literature. Ofthe locationscale distributiongested sevensymmetrical distributions
(skewness0) are of particular interestthe uniform (kurtosis close tel.2), raised
cosine (kurtosis close te0.6), normal (kurtosis 0.0),logistic (kurtosis 1.2),
hyperbolic secat (kurtosis 2.0) Laplace (kurtosis 3.0)and Cauchy (kurtosis
undefined) Theselatterdistributionsarechosen to map in detahelevel of kurtosis
that mightbetter fit theN distribution interms ofeither platykurtic or leptokurtic
behaviour. Asymmadrical forms of hese seven distributions are also tested by
transforming theN values intdog N values (i.e.for testing against thieg-uniform,
log-raised cosie, log-normal log-logistic, log-hyperbolic secant log-Laplaceand
Log-Cauchydistributiong to map positive skewness with different kurtosis levels
and, by using th&? valuesto testfor negative asymmetries with different kurtoses
(i.e., squareuniform, squareraised cosinesquarenormal, squarelogistic, square
hyperbolic secantsquarelLaplace and squareCauchy. Furthermore, the Poisson
distribution is also testedvith the natural, logarithmic and squake values A
flexible array of means and variancealculated by the method of momerae
therefore tested uwy locationscale distributions and a representative grid of
skewness and kurtosis levels tracked and che@tadunting ta24 combination in

all, plus the Weibull andagnma distributions, for each of the twelve databdsés.

10



alsoto benotedthat, depite most distributionbeingcontinuous, a discretization of
the X values N values)is performed by obtaining thedf f(x=N), from the
cumulative distribution functiorf;(x=N), by the simplecalculaton: f(x) = F(x+0.5)

- F(x-0.5).

Table 2 and Figure 1 give the results for the foestdistribution fits(normal,
log-normal logistic andlog-logistic) togetherwith the Poisson and the Laplace
distributions

<Insert Table 2here >
< Insert Figure 1 here>
On average, théog-normal dstribution produceghe highat QXPEHU RI WLPHV W
valuesare EHORZ WKH F U LvaflesdddthevisweHiralug dalthough the
normal, logistic andbg-logistic arealsoquite close
Theseresults are notery useful however, ashefit is not goodor any distribution,
even thelog-normal That this may be due to the absence of anoihftwencing

factoris an issue taken up in the next section.

Improving accuracypy considering contract size

< Insert Table 3 here >

Table 3 gives the regression equationdlafith contract size (in terms of the mean
bid, B, for thetwelve datasetsThis indicates the existence of aakcorrelation in
most casesdjrespective of whetheB,, is calculated from theatural or logarithnu
bids. This maybe due tdwo causesFirst,there may be a large variationMwvalues
obscuring an underlying correlatioBecond, the distributioB,, observed in every
databasenay not be uniform, sothere is an uneven distribution of tNevalueson
the X-axis

To observe the variati@nin the N distribution valuespne approach is tplace

the auctions in ascending order lofg contract size (from lower to high&;) and
11



plot the first four moments PHD Q VWDQGDUG GHYLDWLRAQ
N X U W R &f ghdups ofN values as shown in Figure 2.

< Insert Figure 2 here>
As Newell and Hancock (1984jote, br practical purposes in statistical inference,
estimates of D Q f6r sample sizes below Sfanindicat the undenying statistical
distribution isnormal when it is not Therebre rolling groups of 50N values are
taken. That is, the moments Wfvalues from the auctions ranked 1 to 50 are first
recorded. Then the moments Nfvalues from the auctions ranked 2 to 51 are
recorded, and the process continued until reaching therdested auction. Four of
the datasets do not contasafficient auctiongo do this and are thereforeigsing
from Figure 2.

Even a window width of 5Qauctionscauses high oscillations in the DQG
estimatesTo clarify the situation, the rule of thumb of usual practice is followed in
which only valuesoutsidethe range oft 1 are taken to beufficient evidence to
conclude the underlying distribution is either skewed or platy/leptokurtic

As Figure 2shows,when considered in terms afontract sizewith very few
exceptionsthe D Q @stimatesare quite close to zerdigure 3 provides a first
approximation why this might be the case. This contains several interesting features
that need to be highlighted smit mirrors some aspects found in Figure 2.

< Insert Figure 3 here>
First, it is quite logical to think thairrespective othe X axis (contract sizéjeing
represented in natural or logarithmic values, contracs i arevery small or very
large will fail to attract bidders, since biddsrcan makelittle profit in the former
case and no qualified bidder could submit a proposal in the latise This being
the case, will increag initially from zerountil it reaches a&one with relatively

stablemaximumN values, after which it willdecreas asymptoticallyback tozera

12



Second,t is expected thathe 1curvewill behave similarly However,asFigure 2
shows,in almost all cases there seems to be a gap betweenatimum DQG 1
L G HQW LI Thé®adsoNorihisis still to be researched

7TKLUG awWKHAXUYHY WDNH RQ KLJK YDOXHV ZKHQ WKH
to zero. The reason is that whins extremely low, théN distribution has to be as
shown inthe bottom left corner of Figure @ihich is remarkably asymmetrical and
leptokurtic since the highest density and cumulative probability will remain
betweerd dN di. On the other hand, when the FXUYH KDV DQG FORVH
the distritution that model&N can be assumed nearly norntdbwever, extremesf
KLJK Bré&ely observed, since weanonly have a glimpsef those atypical
situatiors with very small and/ofargecontract sizesnd since they are quitgcarce,
it is difficult to accuratelyestimatehe D Q&luesinvolved

NeverthelessDatabases 4, 7 and iDFigure 2seem tassupportthe assumptions
PDGH DERYH DERXW D Q G hen @is3eMing theRMfigrHL KIDQG Z
DQG Dhe RdptlacWsizalimension the curvemodelling N (bottom half of
Figure 3)for the rest of databaseblould be close to theormal distribution DV DQG

DUH FORVH WR JHUR

Model proposed

Hossein (1977)found contractsize could be modelled by the exponential
distributions, while a similar studyby Skitmae (1986)however foundthe log-
normal distributionto be more appropriate-Here, two distributiongsre checked for

fit - thelog-normal distributiorand the Pareto distribution. The former becaubast
beenfound to outperform thexponentialand the latter because it is closely related
to the exponential distribution but has two parametsrdiasthe log-normal It is
noted that both the Pareto aledrnormal are alternative distributions for describing

the distributions of sizes which abound natural, physical, economic, and social
13



systemgMalevergne et al., 2011Fattail distibutions, such as theg-normaland
the Pareto distributiorhave historically competed for describing with higher
accuracy some generating processes and -tbhatwtinguish tail properties
(Malevergne et al., 2011and this is the reason why both have been compared here.

The resultsin comparing both distributions are presented in Tablevith a
representation of the besig-normaldistributiors found in Figure 4As noted from
Table 4, the Kolmogore®mirnov tests indicate the lewrmal distribution to
generally provide the Is¢fit, even when the dataseteem rather erratieprobably
as a consequence of a tender dataset thatadiincludehe complete range oénder
sizes

< Insert Table 4here >
< Insert Figure 4 here>

On the other handa parallel theoretical debatéhas quite recentlyemerged
concerning the use of a powlemw distribution or dog-normal distributiorto model
firm size (Segarra & Teruel, 2012as both appearto provide a closdit with real
data.If we assume that the number of potentially interested bidders is a fraction or
proportion of the population of companies found in a particular area and within a
particular market, then the number of biddstsuld also follow alog-normal
distribution with similar location (mean) and scale (variance) parameters, but
differing on the Y¥axis order of magnitude when representing absolute values,
instead of frequency value3his is becaus¢he number of potentially interested
bidders would bdower when representinthe number of companies on theaxis
compared to théotal number of companiely size but both should probably look
quite similar when representing theipdfs since they wouldthen represent
proportions Thereforea modelis proposedhat endeavour® take advantage dfie

log-normaldistributions (1) the distribution of contract size aif@)) the distribution

14



of potentially interested bidders, both consideredogsnormal but with different
location and scale paramedtér; and 1;, and , and 1,, respectively).

What this model tries to represent is that, if there is a different number of bidders
who might submit a bid for a future tender as a function of the contract size, and the
number of contract size opportunities knhown (both being variables well
represented by differentog-normal distributios), the calculation of theN
distribution curve should beccording to the representationFofjure 5.

< Insert Figure 5 here >
In particular, Figure 5 represents how, in order to calculate the probabilities
associated to every possible valuaNofN; |UR P WiRis only required to add
up the two probability bands in the distribution of contract siksgrormal whose
location and scalegpameters are; and 1) that are delimited bthe twopairsof X
valuesfrom the distribution othe rumber of interested bidderk¢normal whose
location and scale parameters ayr@and %) whose respective Y values correspond to
that specificN;"! 0.5. For instance, in Figure 5 we want to calculate the probabilities
of finding Ni=4 in a database. Despite the number of biddéréeing natural
numbers, we need to assume that the number of interested bidders distribution will
correspond to a baraf Y values between 4.5 and 5&s representeoh the right Y
axis). Those two Y valuegachcorrespond taanothertwo different X values by
horizontalintersectiorfirst, and then by vertical intersectian,the saméog-normal
distribution describing thewumbe of interested bidders. But once these four X
values are identified, they also define the vertical probability bands withiloghe
normal distribution of contract sizes that, on besgnmated will result in the
probability of findingNi=4 in the datalse.

Generally speakind;igure 5highlights that the finaN distributionis affected by
the number of bidders that would submit a bid if thees an occasion to do so as

well as by the number of times each contract ezairs In other words iffor each
15



possibleN value it is known that there are a fixed number of interested bidders (by
meansof curve 2, and 0.5 to discretizé the distribution), and if the frequency of
that range of contract sizes is calculated (by means of curve 1)thbesame
frequency will be equivalent to the number of times thatN will be found in the
final N distribution.

Concerning the five parametetis be estimaed in the model( ; 11 » 2land
Nmay, the mean and standard deviation of the distribution of contract sizes
(parameters ; and 1) can be directly obtained by calculating the first and second
moments from the series of all tend&f (bid average) values found in a database;
Nmax can be seto the maximum\; value found in the database (or slightly above);
whereas the mean and standard deviation of the distribution of the number of
interested bidders (parameters and %) cannot be directly estimated (unless
extensiveand timeconsumingfield researchis carried out for estimatinghe
distribution of nearby firm sizes with potential interest in the type of works
contained in the database under study). Therefore, it is recommended that, when
looking for the best combination of parameter valugs 1landNnaxare calculated
as suggested above, while parametgrand % are setaccording toa simple twe
variable numerical optimization approach for providing the best overall distribution
fit. In this connectionaccording to the multiple comtationsof these five parameter
values the broad range of mathematical shapes that this model distribution can take
is represented in Figure 6.

< Insert Figure 6 here>

As can be seen, thmodel is able to provide mumber of statistical curve shapes
changing the from positive to negative, or reaching higher levels okar theN=0
and Nnax values. For the sake of simplicity however, the most common cases
identified and framed ithe thick line on the top rowsf Figure 6. This distribution

is checked and compared against previous distributions in the next section.
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Results

Comparison of standard statistical distributiot@nsideringcontract size

In summary, Table 2 gives the best results faomplete comparisonf several
statistical distributiongrespective otontract size. However, Figure 3 suggesat
within a certain range of contract sizékis quite clese to anormal distributiont is
also apparent thatvorking with narrower itervals of contract sizealso leads
normaltlike distributionsfor N, this being the case witthe three central images
depicted on the top row of Figure ®&here narrow contract size intervals have
necessarily quite small variance values from thstribuion of contract size
opportunities @;: ) when compared to the variance of the number of potentially
interested biddersX>), forcing 1:<< 1,.

To examine this further, the Table 2 analysis is repeated but witlolig
groups of contract sizess shown in Table 5.

< Insert Table 5here >

As can be seen, the bestf for N is now the normal distributiorwith both indicators
(the number of times the walues are below the critical gralues, and the-palues)
significantly improved.However, this improvementalso applies tcall the other
distributions testedsince the two indicatorare approximately between 30% and
60% betteron averagdor all of them when compared with the results in Tablé 2.
is shown, therefore, although the best agpnation ofN is the normal distribution

thelog-normal logistic andog-logistic are not far behind

Model \alidation

To test the new five parameter ( 11 > JlandNpya) model, it is first effectively

reduced to awo-parametemodel by forcing ; and 1 to take on the values of the
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actual (log-normal) contract size distributions represented in Figdr&hat were
directly obtained by the method of momerday havinghe Nyax values vary within
a nearby range to the actual maximdhvalues obserd in the twelve databases,
leavingthe only remaining parameters and % to be estimatedThis is done by a
simple twoedimensional optimization process to find the values thaimize the
actual —walues. The results are shownTiable 6and themodel curvesllustrated in
Figure 7.

< Insert Table 6here >

< Insert Figure 7 here >
As can be seen, the model outperforms all the distributions tested so far, even when
taking narower intervals of contract siz@althoughthe improvements are only
arourd 10%in this latter cage However, both approaches have different aims: the
model onlyprovides abetterexplanation ofthe distribution ofN, while breaking
down the series dfl values bymore compactontract sizesnly reduces the amount

of randomness/hen trying todescribe the unexplained variationNf

Summary

Many distributions have been compared in this study by means of multiple chi
squargestsperformed on twelve databases. Therefore, in order to highlight potential
differenceshetweerthe performance of these statistical distributions, it is convenient

to summarise the results in a single ranking table.

This is the aim ofTable 7 which presents the average and standard deviation
results the latternot presented earlieto avoid confusionwith other variables
involved) of the number of times the sum of the squared residwalselow the
FULWLFDO $03 Yook kbW bbd R and the pvalues (from Operfect
fit £to 1 wvorst fitd. Table 7 distributions have been orderedi@scending order of

the averagep-values but, as can be sesnme distributions nearly tie when taking
18



LOQWR DFFRXQW ERWK WKH $6(di§tl®)(ﬂioﬁs?ﬂﬂ<@:i>@|§fj%nGVLPXOWE
8th)_
< Insert Table 7 here >
The consequence of a lowewaplue is directly indicative of a loss of accuracy when
modelling the actual distribution of tiévalues, and this table shows how the new
model outperforms(on average) other common distributions. Howetteis noted
that the standard deviation valuebtained even without the neefdr carrying out
ANOVA tests, denote potential overlaps in the means of thaygs particularly
among thetopranked GLVWULEXWLRQV )RUWXQDW lbOthe WKH $0
new mode| which indicates that thenodel hasprovided without exception,what
may be considered eeasonabl@pproximation in the twelve databas@#is is not
the case with the other model

Furtherdiscussiorof Table 7is provided n thenext section

Discussion

From the results obtained in the previous sections, dtear that the contracize
distribution within each databass close tolog-normal and strongly conditios N.
The direct comparisonf many statistical distributiongpartially shown in Table 1
and Figure 1 as well as in Table)7s alsoexpected to be biased towla thelog-
normal distribution However, as also observed in Tablke and 7 the normal
distributionnaturally presentsraacceptabléit (closely followed by théog-norma)
when the ontract sizeeffect is considered Therefore, as with many other such
goodnessf-fit studies, there is an intermediate situationwhich it is difficult to
distinguishbetween thesuitability of thenormal andlog-normal distributios. In
addition, the logistic andlog-logistic distributionsare also good candidates, since
they are quite similar in shape to theormal and log-normal distributios

respectively, although slightly more leptokurtic This fact is also frequently
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observed since the juxtaposeckffect of mixing the normal and log-normal
distributiors slightly increassthe kurtosis coefficient.

In summarythereforein delimiting the potential values of for a future tender,
removing the effect of contract sibg using only recent past tenders watsimilar
contract size ocalculating the mean, standard deviatskewness and kurtosis as in
Figure 2, ispreferableto directly modding the whole datasevalues ofN without
allowing for contract sizeOn the oher hand, as Tald& and 7show thenewmodel
provides a bettefit than the many othestatistical distributiongxamined although
its superiority is not decisivgsindicated bythe smalldifferencesand high standard
deviationbetween prvaluesin Tables 56 and7. In addition the modehssumeshe
log-normal distributionrepresenihg the expected value d¢he number of interested
biddersas fixed, when this curveY values must necessarily evidence variability
since for instance, iseems countantuitive to state that the number of potentially

interested bidders for a given contract sizeoisstantbutvariable as well.

Conclusions

Knowing the statistical distribution dhe number of biddersy, for a construction
contractis important in rellife bidding because it conditions the decision to bid and

how to set the final bid price so as to increase the probability of winning, buhalso
tendering theory since it affects many related outcpreash as the correlation
between the mean and lostéids or the dispersion of the bid values, which are key
assumptions of many collective bid tender forecasting modédsvever, little
progress has been made despite the many studies from 1956 to 1986 except that there
are other variables that seem todiion or have a significant correlation wibh

Not all of these have been explained in conjunction with measuring their possible

interactions.
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In this study, a unique set of twelve construction and services tender databases
from four continents are usefbr a thorough comparison of many candidate
statistical distributionswith the primary aim of determining which are the most
accurate ancth what conditions.

The univariate results show the fagrmal distribution to be the best fit, while
the normal digtbution provides the best fit when contract size is taken into account.
These are basic but important outcomes, since many bidding practitioners and
researchers tend to use th@mal distributionwithout distincion when modelling
the distribution of biddersyhile it is shown here thahis distribution isonly the
most accurate when contracts of similar nature of work and economic size are used.
If these conditions are not fulfilled, then the dogrmal distribution is the most
accurate.

Next, the expected variation of thé distribution mean, standard deviation,
skewness and kurtosis as a function of contract size is analysed in both natural and
logarithmic scales. The four moments are studied to see how preglittiaplvary
when plotted against contract size and some interesting general behaviour patterns
are provided.For example, mostonstructiontendes operate within aband of
contract sizeghat have low levels of skewness and kurtpsaaowing the use
normal-like distributions with barely loss of accuracy. However, this situasar
longervalid for extremely high or lowcontract valuessincecontractors will usually
have less previous experience with sumntracts,when the distribution ofN
becomestrongly positiveskewedand peakd

Finally, a new model fodescribingN is presented along with the justification of
its main assumptions that both the frequency of contract sizes and that the
population of potentially interested participating biddease lognormally
distributed. As is demonstrated from the large variety of statistical curve shapes that

can stem from this model and the thorough statistical distribution fit tests performed,
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the model results are significantly more accuiatenodellingthe variations inN
than the other alternatives considered for all 12 datasets examined, inchheing
ubiquitous rmal distribution which is used in similar studies

Despite this, howevelrt is felt that there is still roonfor further improvement.
For instance, research in forecasting the identity of future bidders may,
paradoxically, shed further light on the issue. There are also new questions
concerningdifferences incontract size(value) that exist between the maximum
expectation and variance bf when representl as a function of contract size. An
additional question is how to replace the deterministic number of potentially
interested bidderns the modeby a distribution with a random component.

The result is a critial view of past research while stimulating again a productive
discussion on a subject that, as previously acknowledged, is of considerable
LPSRUWDQFH IURP ERWK RZQHU DQG ELGGHUVY VWDQ

outcomes beyond the constructiomtsxt.
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D Database Description Tender

Alias method
1 UK51  Building-related tenders within the London area with one bidder in common and cover pr Selective
2 UK272 Construction industry Building Cost Information Service report Selective
3 UK218 Civil engineering work tendexfrom the North of England Selective
4  UK373 Building-related tendewithin the London area Selective
5 US64 Building-related tenders from the US National Aeronautics and Space Administration Open
6 US50 Building-related tenders fromie US Open
7  HK199 Tenders of buildingfor education, police, firemen and hostels in Hong Kong Open
8 HK261 Tenders from the Hong Kong Administrative Service Department Open
9 AU152 General contractors' civil engineering works and housing in New SGalibs, Australia Selective
10 AU161 Specialised contractors' civil engineering works and housing in New South Wales, Austr: Selective
11 SP45 Waste Water Treatment Plants and Sewage lines in Catalonia region, Spain Open
12 SP114 Spanish Higkspeed Rilway Infrastructure Manager (ADIF) tenders Open

Number of . Mean Std. Dev. Skewness Kurtosis

auctions Period 1 Source
1 51 1981-1982 6.235 1.464 0.250 0.241 (Skitmore and Pemberton, 1994)
2 272 19691979 6.140 1.786 0.265 1.009 (Skitmore, 1981b)
3 218 19791982 5.665 2.260 0.497 0.994 (Skitmore, 1986)
4 373 19761977 5.134 1.944 0.124 -0.580 (Skitmore, 1986)
5 64 19761984 6.734 3.108 1.756 4,763 (Brown, 1986)
6 50 19651969 4.680 1.834 0.558 -0.260 (Shaffer and Micheau, 1971)
7 199 19811990 12.724 6.2& 0.696 0.497 (Drew, 1995)
8 261 19911996 13.663 7.279 0.654 -0.498 (Fu, 2004)
9 152 19721982 8.651 3.987 0.685 -0.060 (Runeson, 1987)
10 161 19721982 6.273  2.877 1.595 3.531 (Runeson, 1987)
11 45 200742008 14.133 11.108 1.496 1.706 (BallesterosPZrez et al. , 2012)
12 114 20082014 31.974 12.082 0.414 -0.345 (FuentesBargues et al. , 2015)

Table 1.Description of thewelve construction tender databasesmlysd



Database &ULWLFDO $0 . Poisson Normal

alias $0. $0. $0. $0  $0 $¢ p-value $0 $0 $¢p

1 UK51 18.475 14.067 12.017 30.188 0 1.000 | 8.736 3 0.728
2 | UK272 | 21.666 16.919 14.684 | 57.384 0 1.000 | 11.061 3 0.728
3 | UK218 | 21.666 16.919 14.684 16.017 2 0.933 | 10.136 3 0.660
4 | UK373 | 21.666 16.919 14.684 | 31.082 0 1.000 | 17.886 1 0.963
5 use64 23.209 18.307 15.987 14.736 3 0.858 | 18.793 1 0.957
6 US50 18.475 14.067 12.017 2.077 3 0.045 | 3.801 3 0.198
7 | HK199 | 48.278 41.337 37.916 |101691 0 1.000 | 49.274 0 0.992
8 | HK261 | 49.588 42557 39.087 | 4602.7 0 1.000 | 88.747 0 1.000
9 | AU152 | 30.578 24.996 22.307 78.525 0 1.000 | 23.064 2 0.917
10| AUl61 | 27.688 22.362 19.812 79.735 0 1.000 | 109.893 0 1.000
11| SP45 34.805 28.869 25989 (113192 O 1.000 | 26107 2 0.903
12| SP114 | 57.342 49.802 46.059 3079.7 0 1.000 | 54.931 1 0.983
avg. 0.667 0.903 avg. 1.583 0.836
LogNormal Logistic LogLogistic Laplace
$8 $0 $¢ p-value $6 $0 $¢ pvalue $8 $0 $4d p-value $0 $8 $¢ p-value
1| 8951 3 0.744 | 7.7% 3 0.645 | 7.650 3 0.636 7.022 3 0.573
2 | 47.767 0 1.000 | 10.488 3 0.688 | 34.870 0 1.000 24.233 0 0.996
3 | 50.246 0 1.000 | 10.160 3 0.662 | 48.580 0 1.000 20.475 1 0.985
4 | 72.666 0 1.000 | 30.904 0 1.000 | 82.635 0 1.000 55.608 0 1.000
5 | 6.932 3 0.268 | 15.441 3 0.883 | 5.708 3 0.161 11.483 3 0.679
6 | 1.755 3 0.028 | 4.194 3 0.243 | 2.399 3 0.066 | 244.245 0 1.000
7 | 45.495 1 0.980 | 47.163 1 0.987 | 49.564 0 0.993 56.750 0 0.999
8 | 46.083 1 0.977 |109.201 O 1.000 | 68.904 0 1.000 | 123.869 0 1.000
9 | 16.593 3 0.656 | 25.550 1 0.957 | 21.134 3 0.867 28.882 1 0.983
10| 4.721 3 0.019 | 39.731 0 1.000 | 3.101 3 0.002 30.176 0 0.996
11| 10.88 3 0.100 | 26.545 2 0.912 | 12.467 3 0.178 18.354 3 0.567
12 | 55.818 1 0.986 | 63.802 0 0.998 | 63.864 0 0.998 87.614 0 1.000
avg. 1.750 0.647 avg. 1583 0.831 avg. 1.500 0.658 avg. 0.917 0.898

Table 2. Chi-squareess for checkingthe Poisson, Normal,ogNormal, Logistic, LogLogistic

and Laplace distribution ffor N!



Database Optimal regression curves

° EUES X=Bm (natural scale)& Y=N R! X=Bm (log scale)& Y=N

1 UK51 | Y=-6E-14X+7E07X+5.4185 0.109| Y =0.2649Xt7.0073X+52.236 0.101
2 UK272 Y=1.7382X"0.1001 0.115| Y=-0.1737X!+4.8162X26.52 0.146
3 UK218 Y=0.7977LN(X)-3.0126 0.253 Y=0.7977%3.0126 0.253
4  UK373 Y=0.372X"0.2034 0.253 Y=0.0063X"2.6271 0.270
5 uSe64 Y=-0.282LN(X)+10.534 0.018| Y=0.0941X!2.8759X+28.2 0.024
6 US50 Y=-1E-13X!4+8E-07X+4.233 0.038| Y=-0.1128X+3.2137%17.948 0.041
7  HK199 | Y=-5E-16X!+1E-08X+12.917 0.012| Y=-0.9458X+30.389%230.2 0.052
8 HK261 Y=-7E-09X+14.658 0.035| Y=-0.9451X!+34.254X295.73 0.035
9 AU152 Y=1.6998X"0.1095 0.067 Y=0.1297X"1.5581 0.070
10 AUlel Y=5.5924EXP(1E)7X) 0.009| Y=0.3815X!9.0763X+59.735 0.070
11 SP45 | Y=-2E-13X!+4E-06X+5.5083 0.374| Y=1.0237X!24.343X+151.48 0.297
12 SP114 | Y=-2E-15X!+9E-08X+33.465 0.147| Y=-3.8248X!1+125.47X990.14 0.235

avg. 0.119 avg. 0.133
Table 3. Regression results between varialilesitract size (via Mean bi@,,) and Number of

bidders(N)"



Database Lognormal

alias . .
1 UK51 |[0.074 0.143 0.123 0.113 Yes Yes Yes
2 UK272 |0.039 0.063 0.054 0.050 Yes Yes Yes
3 UK218 | 0.051 0.070 0.060 0.055 Yes Yes Yes
4 UK373 [(0.022 0.053 0.046 0.042 Yes Yes Yes
5 US64 [0.081 0.128 0.111 0.101 Yes Yes Yes
6 US50 |0.077 0.144 0.125 0.114 Yes Yes Yes
7 HK199 |0.032 0.073 0.063 0.058 Yes Yes Yes
8 HK261 [0.060 0.064 0.055 0.051 Yes No No
9 AU152 |[0.070 0.084 0.072 0.066 Yes Yes No
10 AU161 [0.050 0.081 0.070 0.064 Yes Yes Yes
11 SP45 |0.060 0.152 0.131 0.120 Yes Yes Yes
12 SP114 |0.094 0.096 0.083 0.076 Yes No No
!

Database Pareto

EIES . . . .
1 UK51 |(0.088 0.224 0.187 0.168 Yes Yes Yes
2 UK272 |0.261 0.098 0.082 0.074 No No No
3 UK218 |0.101 0.109 0.091 0.082 Yes No No
4 UK373 [0.129 0.084 0.070 0.063 No No No
5 UsS64 |0.074 0.200 0.167 0.150 Yes Yes Yes
6 US50 [0.140 0.226 0.188 0.170 Yes Yes Yes
7 HK199 |0.200 0.114  0.095 0.086 No No No
8 HK261 | 0.080 0.100 0.083 0.075 Yes Yes No
9 AU152 |0.118 0.131 0.109 0.098 Yes No No
10 AUl61 |[0.122 0.127 0.106 0.095 Yes No No
11 SP45 |0.133 0.238 0.198 0.179 Yes Yes Yes
12 SP114 |0.158 0.151 0.126 0.113 No No No

Table 4. KolmogorovSmirnov test for checkingthe LogNormal and Pareto distributionstifitg to

the distribution of Contract sizgpportunities



Database Tenders &ULWLFDO $0 . Poisson Normal LogNormal Logistic LogLogistic Laplace

alias | (ordered)| $0. $0. $0. $0 $0 $0 p-value $0 $06 $0 p-value $0 $0 $0 p-value $06 $0 p-value $0 $06 $0 p-value $0 $0 pvalue

1 UK51 1-26 15,086 11,070 9,236 35,570 0 1,000 10,574 2 0,939 13,568 1 0,981 8,255 3 0,857 10,796 2 0,944 5,340 3 0,624
27-52 15,086 11,070 9,236 6,604 3 0,748 1,424 3 0,078 3,133 3 0,321 1,748 3 0,117 3,254 3 0,339 2,654 3 0,247

2 | UK272 1-30 16,812 12,592 10,645 8,889 3 0,820 2,288 3 0,109 5,736 3 0,547 2,589 3 0,142 5,742 3 0,547 5,058 3 0,464
31-60 16,812 12,592 10,645 5,459 3 0,514 3,014 3 0,193 5,083 3 0,467 3,569 3 0,265 4,838 3 0,435 5,522 3 0,521

61-90 18,475 14,067 12,017 6,387 3 0,505 5,983 3 0,458 8,210 3 0,686 5,598 3 0,413 7,224 3 0,594 5,566 3 0,409

91-120 16,812 12,592 10,645 | 10,882 2 0,908 3,338 3 0,235 1,396 3 0,034 1,952 3 0,076 0,676 3 0,005 2,178 3 0,097

121-150 | 16,812 12,592 10,645 | 14,941 1 0,979 4,048 3 0,330 10,436 3 0,893 4,369 3 0,373 9,114 3 0,833 5,526 3 0,522

151-180 | 16,812 12,592 10,645 | 12,481 2 0,948 2,775 3 0,164 4,751 3 0,424 3,635 3 0,274 5,087 3 0,467 5,501 3 0,519

181-210 | 16,812 12,592 10,645 7,230 3 0,700 3,072 3 0,200 0,602 3 0,004 2,536 3 0,13 0,635 3 0,004 2,843 3 0,172

211-240 | 20,090 15,507 13,362 9,531 3 0,701 4,203 3 0,162 4,223 3 0,164 3,347 3 0,089 3,103 3 0,072 2,548 3 0,041

241-272 | 18,475 14,067 12,017 | 13,175 2 0,932 2,539 3 0,076 6,910 3 0,562 1,196 3 0,009 3,048 3 0,119 1,384 3 0,014

3 | UK218 1-31 15,086 11,070 9,236 2,425 3 0,212 1,987 3 0,149 4,188 3 0,477 2,698 3 0,254 5,348 3 0,625 3,775 3 0,418
32-62 16,812 12,592 10,645 5,308 3 0,495 5,591 3 0,529 8,923 3 0,822 7,131 3 0,691 10,742 2 0,903 9,309 3 0,843

63-93 18475 14,067 12,017 | 11,516 3 0,882 8,452 3 0,706 21,285 0 0,997 9,089 3 0,754 18,826 0 0,991 | 147,947 0 1,000

94-124 18,475 14,067 12,017 9,124 3 0,756 5,459 3 0,396 12,083 2 0,902 6,138 3 0,476 11,497 3 0,882 8,748 3 0,729

125155 | 18,475 14,067 12,07 1,084 3 0,007 0,861 3 0,003 4,041 3 0,225 1,264 3 0,011 4,092 3 0,231 2,749 3 0,093

156-186 | 20,090 15,507 13,362 | 14,757 2 0,936 14,231 2 0,924 16,403 1 0,963 11,792 3 0,839 12,530 3 0,871 10,406 3 0,762

187-218 | 16,812 12,592 10,645 | 15,144 1 0,981 4,640 3 0,409 4,129 3 0,341 4,260 3 0,358 3,792 3 0,295 7,862 3 0,752

4 | UK373 1-37 11,345 7,815 6,251 3,434 3 0,671 5,057 3 0,832 2,094 3 0,447 5,283 3 0,848 2,441 3 0,514 11,192 1 0,989
3874 16,812 12,592 10,645 7,211 3 0,698 6,560 3 0,637 6,065 3 0,584 7,038 3 0,683 7,863 3 0,752 9,134 3 0,834

75111 16,812 12,592 10,645 1,222 3 0,024 2,468 3 0,128 3,362 3 0,238 4,344 3 0,370 5,224 3 0,485 5,501 3 0,519

112-148 | 15,086 11,070 9,236 9,388 2 0,905 3,996 3 0,450 8,642 3 0,876 5,754 3 0,669 10,010 2 0,925 13,000 1 0,977

149185 | 18,475 14,067 12,017 | 14,135 1 0,951 10,871 3 0,856 17,327 1 0,985 11,424 3 0,879 16,679 1 0,980 14,661 1 0,959

186222 | 18,475 14,067 12,017 9,091 3 0,754 4,476 3 0,276 6,923 3 0,563 3,599 3 0,175 6,959 3 0,567 5,483 3 0,399

223259 | 18,475 14,067 12,017 9,498 3 0,781 3,346 3 0,149 4,847 3 0,321 5,014 3 0,342 6,419 3 0,508 10,900 3 0,857

260296 | 20,090 15,507 13,362 5,558 3 0,303 0,981 3 0,002 5,424 3 0,289 1,203 3 0,003 3,799 3 0,125 2,364 3 0,032

297-333 | 13,277 9,488 7,779 7,576 3 0,892 2,117 3 0,286 1,841 3 0,235 3,390 3 0,505 2,923 3 0,429 3,678 3 0,549

334373 | 18,475 14,067 12,017 | 27,508 0 1,000 9,224 3 0,763 23,669 0 0,999 6,021 3 0,463 13,393 2 0,937 3,667 3 0,183

5 use4 1-32 21,666 16,919 14,681 21,312 1 0,989 19,878 1 0,981 7,653 3 0,431 16,177 2 0,937 6,069 3 0,267 8,722 3 0,537
3364 21,666 16,919 14,684 3,152 3 0,042 4,387 3 0,116 2,941 3 0,033 5,830 3 0,243 4,108 3 0,096 7,130 3 0,376

6 US50 1-25 16,812 12,592 10,645 6,086 3 0,586 4,66 3 0,407 7,333 3 0,709 5,220 3 0,484 6,946 3 0,674 76,542 0 1,000
26-50 18,475 14,067 12,017 2,461 3 0,070 4,329 3 0,259 0,922 3 0,004 4,373 3 0,264 1,347 3 0,013 5,565 3 0,409

7 | HK199 1-50 36,191 30,144 27,204 | 256,220 0 1,000 25,883 3 0,867 13,216 3 0,173 24,880 3 0,835 15,286 3 0,296 21,734 3 0,702
51-100 37,566 31,410 28,412 | 215,765 0 1,000 22,422 3 0,682 30,835 2 0,943 25,890 3 0,831 31,177 2 0,947 29,231 2 0,917

101-150 | 38,932 32,671 29,615 | 1199,26 0 1,000 26,811 3 0,823 24,983 3 0,752 31,599 2 0,936 29,246 3 0,892 34,201 1 0,966

151-199 | 33,409 27,587 24,769 | 100,758 0 1,000 8,172 3 0,037 33,241 1 0,989 8,798 3 0,054 23,265 3 0,859 11,412 3 0,166

8 | HK261 1-52 40,289 33,924 30,813 | 301,940 0 1,000 24,471 3 0,677 14,049 3 0,100 24,975 3 0,702 14,481 3 0,116 21,837 3 0,530
53104 41,638 35,172 32,007 | 2194,39 0 1,000 28,378 3 0,798 18,279 3 0,258 30,335 3 0,860 22,008 3 0,480 29,564 3 0,838

105156 | 41,638 35,172 32,007 | 570,175 0 1,000 22,387 3 0,503 22,657 3 0,519 27,875 3 0,779 28,159 3 0,790 33,969 2 0,934

157-208 | 37,566 31,410 28,412 | 748,019 0 1,000 32,433 1 0,961 30,783 2 0,942 46,466 0 0,999 38,508 0 0,992 54,722 0 1,000

209261 | 37,566 31,410 28,412 | 760,478 0 1,000 23,974 3 0,756 11,650 3 0,072 27,681 3 0,883 16,349 3 0,305 24,085 3 0,761

9 | AU152 1-50 29,141 23,685 21,064 | 96,359 0 1,000 28,584 1 0,988 19,174 3 0,842 35,346 0 0,999 24,562 1 0,961 38,008 0 0,999
51-101 30,578 24,996 22,307 | 102,139 0 1,000 21,111 3 0,867 20,794 3 0,856 19,976 3 0,827 21,327 3 0,873 18,95 3 0,784

102152 | 27,688 22,362 19,812 5,757 3 0,045 3,902 3 0,008 15,191 3 0,704 4,748 3 0,020 11,930 3 0,467 7,866 3 0,148

10| AUle6l 1-40 23,209 18,307 15,987 | 71,356 0 1,000 17,711 2 0,940 3,932 3 0,050 13,516 3 0,804 3,714 3 0,041 9,730 3 0,536
41-80 21,666 16,919 14,684 8,191 3 0,485 12,178 3 0,797 4,320 3 0,111 10,268 3 0,671 3,242 3 0,046 7,681 3 0,433

81-120 21,666 16,919 14,684 5,776 3 0,238 6,338 3 0,294 2,805 3 0,028 5,474 3 0,209 2,775 3 0,027 6,531 3 0,314

121-161 | 23,209 18,307 15,987 3,944 3 0,050 5,238 3 0,125 5,229 3 0,125 4,902 3 0,102 5,123 3 0,117 6,056 3 0,189

11 SP45 1-22 26,217 21,026 18,549 | 149,734 0 1,000 11,948 3 0,550 8,516 3 0,256 13,760 3 0,684 10,767 3 0,451 13,739 3 0,682
2345 30,578 24,996 22,307 | 310608 0 1,000 22,240 3 0,898 13,279 3 0,419 23,883 2 0,933 15,942 3 0,614 21,298 3 0,872

12| SP114 1-38 38,932 32,671 29,615 | 2185,9 0 1,000 24,420 3 0,727 26,318 3 0,805 27,857 3 0,856 30,110 2 0,910 36,576 1 0,981
3976 32,000 26,296 23,542 | 83,776 0 1,000 18,23 3 0,689 34,504 0 0,995 17,268 3 0,632 31,804 1 0,989 17,910 3 0,671

77-114 33,409 27,587 24,769 | 39,029 0 0,998 23,895 3 0,878 15,926 3 0,471 27,568 2 0,950 20,069 3 0,729 27,077 2 0,943

avg. 1,679 0,745 avg. 2,830 0,492 avg. 2,623 0,508 avg. 2,811 0,520 avg. 2.660 0,535 avg. 2,528 0,589

Table 5. Chi-squargessfor checkingthe Poisson, Normal,ogNormal, Logistic, LogLogisti@and Laplace distribution fikith similar contract size subdatadets



LogNormal LogNormal (Number of
D _Database (Contract size) interested bidders) &ULWLFDO $6 . Model distribution

alias Npax $06 $0 $0 $8 $0 ¢ p-value

1 | UK51 | 13.937 0852 | 17.143 3.305 10 | 18.475 14.067 12.017 | 3.803 3 0.198
2 | UK272 | 12122 0932 | 14731 2925 9 | 21.666 16919 14.684| 8.768 3 0.541
3 | UK218 | 10.788 1.357 | 13910 3.023 9 | 21.666 16.919 14.684 | 10.056 3 0.654
4 | UK373 | 12457 1.032 | 15287 2565 9 | 21.666 16.919 14.684|11.819 3 0.776
5 | uUSe4 | 13336 1.393 | 17.543 3.452 13 | 23209 18.307 15.987 | 6.808 3 0.257
6 | US50 | 14.125 0488 | 15507 1167 9 | 18475 14.067 12017 | 1.403 3 0.015
7 | HK199 | 16.157 1.158 | 20.490 2.986 35 | 48.278 41.337 37.916 | 27.320 3 0.499
8 | HK261 | 18.130 1.023 | 15.085 2.143 33 | 49.588 42.557 39.087 | 31.237 3 0.646
9 | AU152 | 13813 1.251 | 18.115 3.078 21 | 30578 24.996 22.307 | 13.386 3 0.428
10 | AU161 | 11.701 1.128 | 15219 3.078 11 | 27.688 22.362 19.812| 8.098 3 0.163
11| SP45 | 14297 1274 | 18592 2.674 40 | 34.805 28.869 250989 | 12.213 3 0.164
12 | SPL14 | 17.054 1.185 | 20.097 2.991 51 | 57.342 49.802 46.059 | 42.942 3 0.832

avg. 3.000 0.431

Table 6. Chi-squareesst for checkingthe modeldistribution fiting to theNumber of Bidders



Average values Std.Deviationvalues

Distribution

$0 6 p-value $6 O p-value
1 New modelproposed (with twd_ogNormals) 3.000 0.431 0.000 0.269
2 Normal (discriminating by contract size) 2.830 0.492 0.509 0.327
3 LogNormal (discriminating ly contract size) 2.623 0.508 0.860 0.335
3 Logistic (discriminating by contract size) 2.811 0.520 0.622 0.328
3 Log