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Abstract

The 2008 economic crisis was devastating in construction market. In response to the crisis,

the American Recovery and Reinvestment Act of 2009 (stimulus package) provided massive

funding for the transportation infrastructure, resulting in a large number of small-scale, short-

term projects being funded in procurement markets. This paper examines how the crisis and

resulting stimulus spending affected both firms’ costs and project prices paid by one state

government, using data from highway construction procurements in Arizona. To fully investigate

the extent of these effects, I develop a dynamic structural auction model that establishes an

intertemporal link to firms’ marginal costs (both entry and construction costs) by introducing

dynamic synergies from entering and winning auctions, i.e., the current costs can be decreased for

the firms that entered or won in a former period. My findings show that the state government’s

choice to award stimulus funding to numerous small-scale projects resulted in lower project costs

to firms by encouraging competition and participation (entry and winning) and discouraging

capacity constraints. The counterfactual findings suggest that project prices would have been

higher by 6.2 percentage points ($129.9 million) in the absence of the crisis effect.
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1 Introduction

The 2008 economic crisis was particularly devastating in the housing and construction sectors.

While the overall unemployment rate doubled from 2007 to 2010, in the construction sector, the

unemployment rate nearly tripled, reaching 20.6% in 2010 (CPS, 2013). In response, the Ameri-

can Recovery and Reinvestment Act (ARRA) of 2009—commonly referred to as the “stimulus”—

provided massive funding for the transportation infrastructure. A total of $49.2 billion was dis-

tributed to states across the country that were tasked with funding “shovel-ready” projects, often

resulting in a large number of small-scale, short-term projects being funded, with construction firms

competing for such funding in procurement auctions.

The government’s choice to award funding to numerous small-scale projects could have a sub-

stantial effect on government procurement costs. With a focus on a greater number of small-scale

projects, more firms are likely to receive funding, encouraging participation and increasing compe-

tition. Firms, expected to win projects alternately over a sequence of several auctions, may enjoy

synergies from complementary tasks and lower average costs across multiple auctions. As a result,

firms’ costs and project prices paid by the government may decrease. The above reasoning would

hold if firms’ capacity was idled by a reduction in private construction during the crisis. Other-

wise, a massive increase in spending would increase firms’ capacity utilization, which would soften

competition and increase procurement costs (Balat, 2013)1.

This paper examines how the crisis and resulting stimulus spending affected both firms’ costs

and project prices paid by the government, using data from Arizona. The results also contribute

to an infrastructure policy debate on whether the investing money should be spent on small-scale

projects, such as fixing existing roads, or on large-scale projects, such as building new roads (Saini,

2012; Cooper, 2009; Grunwald, 2009).

To address the above issue, I analyze firms’ behavior in construction procurement auctions

before and during the time period of the crisis and stimulus spending. I develop a two-stage

dynamic auction model of firms’ endogenous entry and bidding practices and apply my model to

the data for all highway construction auctions run by the Arizona Department of Transportation

(ADOT) during the period from 2006 to 2012. The parameters of interest are estimated separately

1The 2008 economic crisis is known for its devastating effect on private construction in U.S.. Therefore, the
crowding-out effect (the binding effect of an increase in government spending through stimulus on private sector’s
activities) was not affective. The results of this paper hold in the absence of the crowding-out effect, for the sectors
with a reduction in economic activities due to the crisis.
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for the 2006–2008 and 2009–2012 time periods; the use of separate estimations for the parameters

controls for any exogenous changes that affect project costs during the crisis. Furthermore, my

model accounts for dynamic synergies from entering and winning auctions with an intertemporal

link to firms’ marginal costs, i.e., firms’ current costs can be affected by their entry and winning

statuses in a former round.

A dynamic model is appropriate for these procurement auctions because of the presence of

well-established, long-lived firms (referred to as regular firms) in the ADOT market. These firms

must make dynamic decisions to maximize profit as they enter and win many auctions in sequential

rounds. Various reduced-form examinations in Section 4 show that a regular firm behavior is in

fact affected by dynamic synergies from entering and winning auctions. In a recent paper, Groeger

(2012) looks specifically for positive entry synergies that decrease the entry cost—i.e. the cost

associated with bid preparation—for a firm that entered an auction in a former round. I extend

Groeger’s model to allow for the synergies that come from both entry and winning. Differently

from Groeger’s, these dynamic synergies can affect both entry and construction costs by decreasing

marginal costs for a firm that was active—that entered or won—in a former round. Potential

explanations for these synergies include learning by doing and engaging in complementary tasks

across multiple projects.

To assess how important the effects of entry and winning synergies are for the ADOT market,

I estimate the model primitives, the entry cost distribution and the construction cost distribution.

The estimation strategy follows Groeger (2012), whose estimation method is built on that of Guerre,

Perrigne, and Vuong (2000). Using this strategy, I apply a first-order condition (FOC) at the

bidding stage to derive private costs as a function of the observed bids and the distributions of

equilibrium bids and entry probabilities. I estimate the primitives for the entry cost distribution

through minimizing the distance between non-parametrically estimated entry probabilities and

entry probabilities implied by the model. The estimated primitives show that entry and winning

synergies did exist and did affect firms’ marginal costs for ADOT’s procurement projects. They

also show that these dynamic synergies had stronger effects on firms’ costs during the crisis.

Inspired by the stronger effects of entry and winning synergies during the crisis, the key finding

of this paper is that the state government’s choice to award funding to numerous small-scale projects

caused a decrease in firm and procurement costs. The basic economic idea behind this finding is

simple. The presence of numerous projects resulted in more entry and winning from regular firms in
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small-scale projects, providing greater potential ground for dynamic synergies. The overall effects

were lower average costs for the firms with high rates of entry and winning and a decrease in the

total price of the projects. The results suggest that the state government successfully procured

public goods at lower prices.

The decrease in firm and procurement costs through a stimulus can be successfully fulfilled if

there are no capacity constraints to impede the effect of a demand expansion on firms’ activities.

These constraints appeared not to be binding for the ADOT market during the course of the

crisis. On one hand, the crisis brought a decrease in demand for regional housing and residential

construction as well as for ADOT’s highway procurements, leaving firms with idle capacities2. On

the other hand, the government’s choice to scale down the size of the projects tended to attenuate

the effect of constraints by spreading the projects out among more firms. In contrast, Balat (2013)

shows that the California Department of Transportation (Caltrans) distributed its stimulus money

among large-scale projects in order to speed up the rate at which the funds entered the state. Balat

finds that Caltrans paid higher prices for stimulus-funded projects because of capacity-constraint

effects.

Cost estimates in this paper show that firm construction costs were, on average, 5.4 percentage

points lower during the crisis. The lower firms’ costs contributed to decreasing project prices by 8.6

percentage points; the rest of the decrease in project prices was due to lower firms’ markup (by 5.8

percentage points) in response to the higher competition level during the crisis. With the primitives

in hand, I can construct appropriate counterfactuals to predict what would have happened to the

variables of interest in the absence of the crisis effect and stimulus money. The findings show that

the price of the projects would have been higher by 6.2 percentage points ($129.9 million) in the

absence of the crisis effect, of which 87.1% ($113.1 million) is due to an increase in firms’ costs. The

findings also show that the price of non-stimulus-funded projects would have been 7.1 percentage

points ($107.6 million) higher in the absence of the stimulus money.

From a policy perspective, this paper contributes to the discussion about the government’s al-

location of a stimulus package. ADOT’s spending choice provides a unique setting for analyzing

how the shovel-ready nature of small-scale stimulus projects can help to decrease firm and procure-

ment costs. Although President Obama later stated that “there’s no such thing as shovel-ready

2The stimulus spending could not fully offset the decrease in ADOT’s demand for highway procurements that
began in 2009.
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projects” (Baker, 2010), and most stimulus funds went to projects in the medium or long term

rather than the short term, this paper shows that this was not the case for Arizona transportation

infrastructure projects, whose scale tended to be small. The findings suggest that shovel-ready

projects do exist. These projects encourage firms’ economic activities in the course of a crisis and

procure public goods at lower prices; or more precisely, they support the objectives of a stimulus

package.

This paper contributes to the literature about the effect of dynamic synergies on firms’ behav-

ior. Winning synergies in a dynamic procurement framework with an intertemporal link to firms’

marginal costs have apparently not yet been studied. De Silva, Jeitschko, and Kosmopoulouc

(2005) and De Silva (2005) present evidence in support of winning synergies in sequential construc-

tion procurements conducted by the Oklahoma Department of Transportation. In a recent study,

Barbosa and Boyer (2012) formulate a sequential procurement framework in which firms benefit

from learning by doing. Krishna and Rosenthal (1997) and Branco (1997) show that inter-unit

synergies affect the value of multiple objects in spectrum auctions, which then exceed the sum of

the objects’ values. Jeitschko and Wolfstetter (2002) provide the theoretical background for the

existence of economies of scale in sequential recurring auctions when two units are auctioned in

sequence to two bidders.

My paper is related to a broad collection of literature that analyzes construction procurement

auctions. For example, Porter and Zona (1993) examine the occurrence of bid-rigging among

bidders; Hong and Shum (2002) measure the effects of the winner’s curse on bids; Jofre-Bonet

and Pesendorfer (2003) assess how capacity constraints affect bid amounts; Bajari et al. (2006)

provide an empirical analysis on bidding when there are incomplete procurement contracts; De

Silva et al. (2008) look at the effect of public release of information on bid amounts; Li and

Zheng (2009) quantify the entry and competition effects on individual bids and procurement costs;

Krasnokutskaya and Seim (2011) study the effect of preference programs on bidders’ participation;

and Jeziorski and Krasnokutskayay (2013) formulate and analyze subcontracting in procurement

auctions.

The rest of the paper proceeds as follows: Section 2 summarizes the effects of the crisis and

stimulus on the ADOT market. Section 3 describes the ADOT bidding process and presents the

data. Section 4 uses reduced-form examinations to investigate the presence of entry and winning

synergies. Section 5 develops a structural model. Section 6 describes an empirical model and
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estimation methods. Section 7 presents estimation results, and Section 8 presents counterfactuals

and simulation results. The final section offers conclusions.

2 The Effects of the Crisis and Stimulus on the ADOT Market

This section provides some evidence of the effects of the crisis and the stimulus package on the

ADOT market and explains why these effects are substantial on firms’ behavior and project prices.

2.1 Firms’ Costs during the Crisis

ADOT awarded a total amount of $4 billion for 746 highway procurement projects from 2006–

2012. However, the pattern in value and number of awarded projects varies. Table 1 reports

project statistics during different years of the investigated period, separated by funding source

(stimulus and non-stimulus). The table shows that ADOT’s demand for highway projects has

decreased significantly in total expenditure since 2009, despite the fact that the stimulus money

began being injected into the market in April 2009. The total funds during 2007 and 2008 are

respectively $827.362 and $794.192 million, which decreased to $488.142, $532.105, and $464.907

million during 2009, 2010, and 2011, respectively. When compared with 2008, these numbers are

consistent with a 38.5% decrease in 2009, a 33% decrease in 2010, and a 41.5% decrease in 2011.

The decline in project values was not associated with a decrease in number of awarded projects.

The number of projects increased by 58.2% in 2009 (with a total of 125 projects) and 106.3% in

2010 (163 projects), when compared with 2008 (79 projects). Figure 1 shows the round/monthly

trends in value and number of projects during the investigated period. These trends reveal that

ADOT’s choice was in fact to award a large number of small-scale projects during the crisis. This

approach applied for both stimulus- and non-stimulus-funded projects during the course of the

crisis; however, the average value of the stimulus-funded-projects was still smaller than that of the

non-stimulus-funded projects (reported in Table 1)3.

In extensive conversations with engineers at ADOT, these engineers offered several reasons for

ADOT’s decision to scale large projects down to smaller ones during the crisis. First, the stimulus

projects were intended to be shovel-ready as money spent on those projects has a more immediate

impact on the economy than money put into a project that requires a great deal of time for design,

3Results hold at the median as well as the mean.
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legal considerations, and other factors before labor can be deployed. Second, a good portion of

the stimulus money was spread among areas based on population size; this process increased the

number of small-scale projects for small towns and areas. Third, increases in the number of projects

could assure that more firms would benefit from the stimulus money, which was one of the political

motives behind the stimulus. Finally, the stimulus payments were reimbursement-based, so that

the department could get reimbursed by the federal government within about three days; in order

to reduce the amount going out the door, ADOT had to increase the number of times in a month

it paid contractors.

Increasing the number of projects had a substantial effect on firms’ behavior in ADOT. It

resulted in more entry and winning from regular firms (those with a substantial history of entering

and winning auctions) into small-scale projects4. Higher rates of participation provided the firms

with the chance to benefit from dynamic synergies. As a result, for any given firm, the higher the

number of entries and wins, the lower the average cost of projects. The total effect was a decrease

in the project prices (winning bid amounts), suggesting that the state government succeeded in

procuring public goods with lower prices.

The above reasoning is different from that in two recent papers by Balat (2013) and Gugler,

Weichselbaumer, and Zulehner (2013), which assess the effect of the stimulus on construction pro-

curement markets. Balat (2013) investigates the effect of the stimulus on highway procurements run

by Caltrans and shows that demand expansion through the stimulus increased capacity constraints

in firms. In the presence of capacity constraints, firms produced at higher costs and therefore

bid less aggressively. The total effect was an increase in project prices during the crisis, meaning

that Caltrans did not provide as many public goods as possible through the stimulus. Gugler et al.

(2013) apply the same reasoning but in an inverse direction for Austrian construction procurements

during the crisis. They show that the stimulus money could not offset the demand contraction dur-

ing the crisis; the decrease in demand led to a decline in project prices by raising idle capacity in

firms.

Differently from the above studies, the various reduced-form examinations in this paper show

that capacity constraint—measured by the backlog variable—has no binding effect on the firms’

entry decisions and bidding amounts in the ADOT market. The reason is that, in the ADOT

4The data analysis shows that the average number of regular firms in each ADOT auction did not change sig-
nificantly after a major increase in the number of projects since 2009, suggesting that regular firms, on average,
participated more frequently than usual during the crisis.
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market, firms are allowed to subcontract the total value of a project, potentially avoiding being

bound by capacity constraints. Even for markets in which capacity constraints matter, the spending

choice to award a large number of small-scale projects could lessen the effect of capacity constraints

by sharing the projects out among more firms.

2.2 The Competition Effect during the Crisis

The 2008 economic crisis led to a major slowdown in the U.S. economy, particularly in the con-

struction industry. Figure 2 shows the trend in one of the indices for private construction activities,

which is the number of housing units under construction, during 2006–2012. The index shows a

35%, 59%, and 64% decline during 2009, 2010, and 2011, respectively, when compared to activi-

ties in 2008. In Arizona, the downturn in the private market pushed local construction firms into

bidding for the government-funded projects in the ADOT market. The average number of bidding

firms for each auction during 2009–2012 was 40% higher than it was during the 2006–2008 period.

Data analysis shows that the increased number of bidding firms was due mainly to the entry

of new firms into the market; these firms either had no history in the ADOT market during the

2006–2008 period or had very low participation rates. The average number of bidding regular firms

did not increase significantly, perhaps because they were spread among many small-scale projects.

Using the criteria described in the next section to distinguish regular firms (firms that entered more

than 120 auctions during the investigated period) from non-regular ones (firms that entered in 120

or fewer auctions), it can be seen that the average number of non-regular firms in each auction

increased by 68% in 2009, while that of regular firms increased by 7.7%.

The increased number of firms intensified competition in the market during the crisis. This

competitiveness led firms to give up part of their own mark-ups and bid more aggressively to

increase the chance of winning against more rivals. The total effect was a decline in project prices

paid by the state government. The above reasoning is consistent with the standard theoretical

framework on the effect of competition on bid amounts (e.g. McAfee and McMillan, 1987) as

well as observations by the regional authorities and in-field experts. For example, a spokesman

for the Association of General Contractors stated, “There is a trend around the country that all

kinds of bids are coming in very low. We heard a contractor say he used to be one of five bidders

and now he sees 20 bidders” (Holstege, 2009). The ADOT director confirmed this trend: “The

competitive bids so far are encouraging. Every dollar saved in the bid process allows ADOT to
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add additional projects to support communities, get people back to work and improve our highway

system” (Holstege, 2009).

3 Procurement Process and Data

In this section, I describe the process and auction data for highway procurements in Arizona. The

data is analyzed separately for auctions before and during the time period of the crisis, and for

differences in auction and bidding patterns between these periods.

3.1 Bidding Process

ADOT is responsible for the construction and maintenance of highways, roads, and bridges in the

state. ADOT awards construction projects by running first-price, sealed-bid auctions in which,

similar to any procurement first-price auction, the bidder with the lowest submitted bid wins the

auction.

The department holds monthly rounds of auctions; each round includes several auctions. Projects

are advertised a few months prior to bidding with detailed information about the timing and sched-

ule of the bidding process and the projects’ characteristics5. To be eligible for bidding, bidders must

pass a pre-qualification exam and purchase a proposal pamphlet that includes the project plan and

the bidding document. The pre-qualification application must be filed at least 15 calendar days

prior to the bid opening6. The pamphlet is available for purchase after the advertisement date. Any

firm that purchases a pamphlet is shown on a plan-holder list on ADOT’s formal advertisement

webpage, which is public. On opening day, all bids are unsealed and ranked, and the bidder with

the lowest bid wins. The project is awarded to the winner within a few weeks. Once a project is

awarded, the primary winner is allowed to subcontract the total value of a project after submitting

subcontracting documents to the department.

3.2 Auction and Bid Data

This study focuses on all the State Board-awarded projects for highways, routes, and bridge con-

struction from 2006–2012. I have access to general information for each project, including the

5The advertisements are announced on the ADOT formal webpage and by other official news outlets.
6The qualification certificate expires after 15 months and can be resubmitted by the firms any time before the

expiration date.
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project’s name and location, the description of the proposed work, the number of working days

estimated, and the department-estimated cost (an estimation of the project’s construction cost).

Contrary to cost estimates by some state transportation departments, the department estimate in

ADOT is not considered a reserve price because submitted and winning bids that are higher than

the estimate are accepted.

The dataset includes 746 auctions held in 83 rounds with a total of 4,798 individual bids. Table

2 provides descriptive statistics for the data, including total information and information separated

into periods from 2006–2008 and from 2009–2012. The average for all submitted bids was $5.3

million. The minimum department-estimated cost was $45,000, and the maximum was $176.9

million. The table shows that the average of submitted bids and department-estimated costs were

roughly twice as high for 2006–2008 than for 2009–2012. At the same time, the average number of

auctions per round was lower during 2006–2008 (6.9 auctions) than during 2009–2012 (10.5).

The last two rows of Table 2 provide two measures for competition intensity. The first is the

percentage difference between winning bids and department-estimated cost, which is an indicator

of the money “left on the table.” This difference decreased from -3.9% during 2006–2008 to -12.5%

during 2009–2012, suggesting that the winning bids in 2009–2012 were relatively lower. The second

row shows the percentage difference between the second-lowest bids and the winning bids. The

difference was lower in 2009–2012, showing that submitted bids were closer in amount in this

period than in 2006–2008.

The total number of firms that bid at least once during the investigated period was 222. The

average number of entries was 22, meaning that a typical firm entered (submitted a bid in) 22

auctions on average. However, the entry pattern varies among different firms. Figure 3 shows the

distribution of firms’ entry. The figure reveals that a large portion of firms entered fewer than 20

auctions during the investigated period, and the frequency decreases for larger numbers of entry.

In particular, the number of firms that entered more than 120 auctions drops sharply. Based on

this gap, I classify firms into two different groups: regular and fringe7. Regular firms are long-lived

firms that entered more than 120 auctions during the investigated period8. By this classification,

7There is a concern that the number of entered auctions is not a good marker to distinguish regular firms, as it
might omit firms with late entries or early exits. To check this, I listed the firms with the highest yearly average of
entry during their presence in the market as regular firms. The new list of firms was different from the initial list by
just one firm, thereby supporting the validity of the regular firms list.

8Jofre-Bonet and Pesendorfer (2003) classify regular firms as the firms with more than 80 entries during their
investigated period, i.e. 1996-1999.
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eight firms are classified as regular firms in the ADOT market9.

The number of auctions with at least one regular firm is 610, which accounted for 81% of the

auctions during the investigated period. Out of these, the regular firms won 285 auctions, which is

38% of all. The average entry probability for a regular firm during the investigated period is 28%

(206 auctions out of 746 auctions); it is 26% (62 out of 242) during 2006–2008 and 29% (144 out

of 504) during 2009–2012. Conditional on the entry, the average winning rate for a regular firm is

17% (36 auction out of 206 auctions he enters); 21% (13 out of 62) during 2006–2008 and 16% (23

out of 144) during 2009-2012.

Table 3 provides the statistics for the number of bidding firms separated by firm type (regular

and fringe) and period (2006–2008 and 2009–2012). The table shows that the average number of

firms in each auction during 2009–2012 was 7.1, which is higher than it was during 2006–2008 by

29.2%. The increase was mainly due to more fringe firms entering the market. The number of fringe

firms increased by 51.3% during the 2009–2012 period when compared with 2006–2008 period.

4 Dynamic Entry and Winning Synergies

In this section, I investigate whether dynamic linkages across auctions affect firms’ behavior, and

if yes, how the effects were different during the economic crisis. To answer these questions, I run

a variety of reduced-form models of regular firms’ entry decisions and bidding amounts in which

I enter potential dynamic linkages as well as crisis time dummies and shifters. The dependent

variables are bid submission dummy, winning dummy, log of bids, and log of winning bids. The

first two summarize the patterns in entry probability and winning probability conditional on entry,

and the second two summarize the patterns in bid amounts and winning bids. The independent

variables include three sets of controls: firm characteristics, project characteristics, and potential

auction competition. Here, the focus is on regular firms that have more potential to present dynamic

patterns across the auctions10.

With respect to firm characteristics, I include a variety of variables that are linked to regular

firms’ past period activities. Several studies on highway procurement markets document the exis-

tence of these linkages. Groeger (2012) shows that entry in a former round of auctions increases

9Out of these eight firms, seven firms have the highest winning auctions among all the firms.
10I also repeated the examinations including all the firms in the market; upon repetition, the dynamic patterns

were comparatively weaker.
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the entry probability for a current round. De Silva et al. (2005) and De Silva (2005) argue that

winners in a former round are more likely to enter a current round, and if they enter, they are

more likely to bid lower. Jofre-Bonet and Pesendorfer (2003) and Balat (2013) show that capacity

constraints from allocating resources and equipment to previously won projects—measured in the

backlog variable—increase firms’ costs and bid amounts. To this end, I include four variables re-

lating to the dynamic linkages: an entry dummy indicating whether a firm entered a former round;

a winning dummy indicating whether a firm won a project in a former round; the ratio of the past

number of wins to the past number of bids, which provides information on the previous success

of a firm; and the backlog, which measures the amount of work in dollars that is left to do from

previously won projects11.

With respect to project characteristics, I control for the department-estimated cost; the loca-

tion of the project (county); the type of work (in four categories: bridge and approach, resurface

[asphalt], resurface [others], and grade, drain, and surface)12; and the estimated number of working

days. To control for the distance between a project’s site and a firm’s location, I enter a dummy

indicating whether a firm resides in the same county as the project site. I also add a dummy

indicating whether a larger-than-average project exists in the next round. Groeger (2012) shows

that if there is a large project in the next round, forward-looking bidders are more likely to enter

the current round13.

With respect to the competition effect, I include the number of regular rivals who entered

an auction in a former round and the number of regular rivals who won an auction in a former

round. These variables might affect a firm’s behavior by changing its belief about the intensity of

competition for a current auction.

To address the second question, how the effect of dynamic linkages changed during the crisis,

I include a crisis time dummy and the interaction of dynamic variables with crisis time dummy

in entry and bidding models. In some specifications, I also enter the interaction of the project

characteristics with crisis time dummy. Because the projects awarded before and during the time

period of the crisis differ in size, working days, and etc., this exercise is valid. The effect of

11To construct a firm’s backlog from each previously won project, the initial size of the project is multiplied by the
fraction of time that is left until the project’s completion date. Here, it is assumed that work is being complemented
at a constant rate in periods.

12The similar categories are used in Tse (2012).
13The reason is that, in the presence of entry synergies, a bidder would want to take advantage of lower cost for a

large project in the next round by entering in the current round.
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competition during the crisis is also separated in some of the models’ specifications by entering the

interaction of crisis time dummy and the variables associated with the number of active regular

rivals in a former round.

To define the crisis time dummy, I choose January 2009 as the beginning point of the crisis. The

NBER Business Cycle Dates determined that the starting point of the crisis was December 2007

and the peak was June 2009. But I choose the time when the ADOT market’s attributes including

demand for projects and firms’ behavior were affected by the crisis as the beginning point of the

crisis14.

Firm fixed effects are included in some of the specifications.

Entry Table 4 reports the estimates of linear probability regression for the regular firms’ entry and

winning. The estimates suggest that there are positive entry and winning synergies in entry behavior

of regular firms; i.e, both entry and winning in a former round increase the entry probability. The

winning in a former round, particularly, is associated with a 50% increase in the probability of

entry. Moreover, if a firm won a project in a former round and entered in a current round, he is

4%–6% more likely to win. There is also a competition effect in the sense that the presence of

winning regular rivals in a former round discourages the entry. The coefficients for other dynamic

variables are not significant.

Bidding Table 5 reports the linear regression estimates of the submitted bid and winning bid for

regular firms. The estimates show that a firm that won a project in a former round is more likely

to bid lower in a current round, suggesting that there are synergies in winning multiple auctions

during sequent rounds. There is also a competition effect in the sense that regular firms are more

likely to bid lower given that the number of winning regular rivals in a former round is high. The

coefficient of backlog variable is not significant, suggesting that capacity constraints do not affect

bid amounts in the ADOT market15.

Entry and Bidding during the Crisis Table 6 reports the linear regression estimates for entry

probability and bid amount of regular firms including crisis time dummy and crisis time shifters. In

14To verify the crisis starting point, I changed the date by a few months, but the results were not substantially
different.

15As an alternative to the backlog variable, I include the value sum of the projects that a firm won in one or more
previous rounds. I did not find any significant effect.
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each specification of the models, I add crisis time shifter to a different group of variables of interest.

In the entry model, the positive sign of the crisis time dummy shows that regular firms, on average,

have higher entry probability during the crisis. The coefficient associated with the interaction of

winning in a former round and the crisis time dummy is positive and significant, suggesting that

winning in a former round and entry probability are more likely to be linked during the crisis period

than during the pre-crisis period.

In the bidding model, the negative sign of the crisis time dummy shows that regular firms, on

average, bid lower during the crisis. Furthermore, the estimates show that winning in a former

round and bid amounts are more likely to be linked during the crisis period than during the pre-

crisis period (by 6 percentage points). The competition effect is also stronger during the crisis

period, which can be interpreted from the negative sign of the coefficient for interaction of the

associated variables with number of active rivals and crisis time dummy.

Summary The reduced-form estimates in this section suggest that:

• Regular firms’ behaviors in the ADOT market are affected by positive dynamic synergies,

driven by entry and winning in a former round16.

• The entry and winning synergies had stronger effects on firms’ behavior during the course of

the crisis17.

• There is a competition effect in the ADOT market in the sense that firms are more likely to

bid aggressively when the number of active regular rivals in a former round is higher.

• The effect of competition on regular firms’ behavior was stronger during the crisis period.

5 Dynamic Model of Endogenous Entry and Bidding

This section presents a structural dynamic model for firms’ entry decisions and bidding amounts.

The focus is on regular firms whose decisions are affected by the dynamic synergies. The model

is built on Groeger (2012), which formulates firms’ behavior in the presence of entry synergies. I

take Groeger’s model and extend to allow for synergies that come from both entry and winning.

The presence of entry synergies can be potentially explained by lower entry cost (i.e. the costs

16I have also examined the effects of entry and winning in two, three, and four previous rounds. The coefficients
were not significant, suggesting that dynamic linkages fade for older rounds.

17It is to be expected given that there was more entry and winning from these firms during the crisis.
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associated with market study and other works for bid preparation) for a bidder who prepared a

bid in a former round. The potential explanations for the winning synergies are learning by doing

and complementary tasks across the projects; these synergies decrease the construction cost of a

current project for a firm that has started a project in a former round. The dynamic synergies

in my model, therefore, affect both entry cost (similar to Groeger (2012)) and construction cost.

To reflect these effects, it is assumed (but not imposed by the model) that the lowest-mean cost

distribution is for past winning firms, and the highest-mean cost distribution is for a firm with no

activity in a former round.

For fringe firms, I apply a static model of bidding in which dynamic synergies have no effect.

Time In this model, time is denoted by t and indicates sequence of auctions. It is discrete with

an infinite horizon. I assume that all the auctions in a round occur simultaneously. The state

variables are then updated after each round of auctions.

Crisis Time Dummy The crisis time dummy is given by zt. It is 0 for any round of auctions

before the crisis time and 1 otherwise. Then, zt ∈ Z = {0, 1}.

Stage Game The dynamic model is formulated in a two-stage game of entry and bidding. In

the entry stage, at the beginning of each auction t, each bidder i

• learns his private entry cost,

• observes the project characteristics and entry and winning status of all the regular bidders in

the former round, and

• decides whether or not to enter.

In the bidding stage, without observing the first-stage results, the bidder

• learns his private project cost and

• submits a bid.

Bidders Set There is a fixed number of bidders in this market, N . These bidders are categorized

into two types: regular and fringe. The set of regular bidders is fixed at NR = {1, .., NR} and of

the fringe bidders at NF = {NR + 1, .., NR +NF }.
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State Variables Each bidder is characterized by an observable state vector

(sit, wit) ∈ S = {(1, 1), (1, 0), (0, 0)} that affects his action. If the bidder entered at least one

of the auctions during the former round, then sit is 1; otherwise, it is 0. Similarly, if a bidder won

at least one of the auctions during the former round, then wit is 1 and otherwise 0. Each bidder’s ac-

tion is also affected by all the rivals’ state vectors given by ×NR−1
k=1 (sk,t, wk,t). The cardinality of this

set can be as large as 59,049 for a set of 10 rivals (3NR−1). To decrease the computational burden, I

use the number of bidders of each of the three state vectors—given by N1,1
t , N1,0

t and N0,0
t —to form

the set of state variables that is observed by each bidder. For each bidder i, the observable state

vector is then denoted by lit = (sit, wit,N−it) ∈ S × [0, NR − 1]× [0, NR − 1]× [0, NR − 1] ≡ L, in

which N−it = (N1,1
−it, N

1,0
−it, N

0,0
−it), N

1,1
−it is the number of bidder i’s rivals with the state vector (1, 1)

and N1,0
−it and N0,0

−it are the numbers of the rivals with the state vectors (1, 0) and (0, 0), respectively.

Project Characteristics The project characteristics for each auction at time t is denoted by

c0t. The variable c0t for each auction is drawn independently from distribution F (c0t|zt) with

support C0,z = [c0(z), c0(z)]. It is conditional on the crisis dummy because there is a difference

in project characteristics and their frequencies between the rounds before and during the crisis

time. In the analysis, the project covariates are restricted to the department-estimated cost. As

the department cost is the most explanatory factor among all other project characteristics, it is not

a severe restriction.

Entry Cost The entry cost is a cost associated with market study and other works for bid

preparation. The bidder i’s entry cost for each auction t is given by ϕit and assumed to be drawn

independently from distribution H(ϕit|sit, wit; zt) with density h(ϕit, |sit, wit; zt) on Φ = [0,∞).

Similar to Groeger (2012), I use an exponential form for the entry cost distribution:

h(ϕit, |sit, wit; zt) = λzt(sit, wit) exp(−λzt(sit, wit)ϕit) ;

log(λzt(sit, wit)) = λ0,zt + λ1,ztsit + λ2,ztwit. (1)

Let θzt = (λ0,zt , λ1,zt , λ2,zt), in which zt ∈ {0, 1}. This vector is known to the bidders but unknown

to the econometrician and should be estimated by the model. It is to be expected that a more active

firm is more likely to have a lower entry cost. The functional form for the entry cost distribution

allows for this, but it is not imposed by the model.
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Construction Cost The construction cost of a project, cit, is the cost to implement a project.

It is assumed that this cost is privately known to each bidder i at the beginning of the bidding

stage. Here, I assume an Independent Private Value (IPV) setting, which is justified given that

each firm has a unique opportunity cost for its own resources and equipment and faces different

transportation cost from its plant to a project’s location. I let construction cost for bidder i at

time t be drawn independently from distribution Fr(.|c0t, sit, wit; zt) with corresponding density

fr(.|c0t, sit, wit; zt) on Cr,z = [cr(z), cr(z)]. The following assumption holds:

E[ci|c0, si = 1, wi = 1; z] < E[ci|c0, si = 1, wi = 0; z]

< E[ci|c0, si = 0, wi = 0; z] for all i, c0, z.

The previous assumption is valid given that a bidder who was active in a former round enjoys lower

current cost, however, this assumption is not imposed during the estimation. For fringe bidder f ,

project cost cf,t is drawn from distribution Ff (.|c0t; zt) with corresponding density ff (.|c0t; zt)

on Cf,z = [cf (z), cf (z)]. For ease of notation, I sometimes use terms F (.|c0t, sit, wit; zt) and

f(.|c0t, sit, wit; zt) for both regular and fringe bidders’ cost distribution in which sit and wit for

a fringe bidder do not take any values.

Discount Factor Bidders discount future by a common discount factor β ∈ [0, 1]. It is known

to the econometrician and bidders, and does not change over time.

Entry Decision and Bidding Amount A Markov strategy for regular bidder i at state

(cit, ϕit, c0t, lit, zt) is denoted by δt = (d(ϕit, c0t, lit; zt), b(cit, c0t, lit; zt)) consisting of an entry deci-

sion d ∈ {0, 1} and a bid amount b ∈ [0,∞); the entry decision depends on the entry cost as well as

the project covariates and state variables; and the bidding amount depends on the project cost, state

variables, and project covariates. The bidding amount for a fringe bidder f is bf (cf,t, c0t,Nt; zt),

which is dependent on the number of bidders of each state vector as well as the project covari-

ates. Conditional on the independent variables, the fringe bidders therefore take the same bidding

decision.

Notations δ−it and δt indicate the strategy set of all the bidders excluding and including bidder

i, respectively. From now on I drop the index t for ease of notation. The bold letters are used to

distinguish the vectors.
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Payoff Function of Regular Bidders The Bellman equation for the payoff of bidder i is given

by

M(ci, ϕi, c0, li; δ, z) = max{Mp(ci, c0, li; δ, z)− ϕi , Mnp(c0, li; δ, z)}. (2)

in which Mp(ci, c0, li; δ, z) − ϕi is the value of entering and Mnp(c0, li; δ, z) is the value of not

entering given that all the bidders follow strategy δ. The Ex-ante value function is then obtained

by integrating Bellman equation over all the private information:

V (c0, li; δ, z) =

∫
M(ci, ϕi, c0, li; δ, z)dH(ϕi|si, wi; z)dFr(ci|c0, si, wi; z). (3)

The ex-ante choice specific values for entering and not entering are written as

Mp(c0, li; δ, z) =

∫
max
b

(b− ci) Pr(i wins|b, c0, li; δ, z) dFr(ci|c0, si, wi; z)

+ β
∑
l′∈L

Ec′0

[
Pr(i wins|b, c0, li; δ, z)Pr(l′|li, s′ = 1, w′ = 1; δ, z)

+ Pr(i does not win|b, c0, li; δ, z) Pr(l′|li, s′ = 1, w′ = 0; δ, z)
]
V (c′0, l

′; δ, z)

(4)

and

Mnp(c0, li; δ, z) = 0 + β
∑
l′∈L

Ec′0 Pr(l
′|li, s′ = 0, w′ = 0; δ, z)V (c′0, l

′; δ, z). (5)

The first line in equation 4 is the current period payoff of the bidder. The following lines in this

formula compute the discounted payoff for the next round over all the possible states, conditional

on the bidder’s winning status. Obviously, when the value of entry is greater than not entry, bidder

i would choose to enter, d(ϕi, c0, li; z) = 1, and vice versa. Let p(c0, li; z) be the ex-ante entry

probability for bidder i at state (c0, li; z), then

p(c0, li; z) =

∫ ∞
0

1{d(ϕi, c0, li; z)}dH(ϕi)

=

∫ γ(c0,li;δ,z)

0
dH(ϕi)

= H(γ(c0, li; δ, z)), (6)
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in which γ(c0, li; δ, z) = Mp(c0, li; δ, z)−Mnp(c0, li; δ, z). The ex-ante value function, therefore, can

be re-written as

V (c0, li; δ, z) = p(c0, li; z) [Mp(c0, li; δ, z)− E(ϕi|ϕi < γ(c0, li; δ, z))]

+ (1− p(c0, li; z))Mnp(c0, li; δ, z). (7)

Payoff Function of Fringe Bidders Without discounting for the next round payoff, the ex-ante

period payoff for a fringe bidder is

∫
max
b
{(b− cf ) Pr(f wins|b, c0,N; δ, z) dFf (cf |c0; z). (8)

Probability of Winning A regular bidder should compete against the regular and fringe rivals.

The probability of winning is therefore

Pr(i wins|b, c0, li; z) = Pr

 i wins against

regular rivals

∣∣∣∣b, c0, li; δ, z
× Pr

 i wins against

fringe bidders

∣∣∣∣b, c0, li; δ, z
 (9)

in which

Pr

 i wins against

regular rivals

∣∣∣∣b, c0, li; δ, z
 =

∏
k∈{(1,1),(1,0),(0,0)}

Pr

 i wins against Nk
−i

rivals of state k

∣∣∣∣b, c0, li; δ, z
 . (10)

Let Gr(.|c0, li; z) be the equilibrium bid distribution for bidder i at state (c0, li; z) with the corre-

sponding density gr(.|c0, li; z). Also define the equilibrium bid distribution for a fringe bidder at

state (c0,N; z) as Gf (.|c0,N; z) with the corresponding density gf (.|c0,N; z). For ease of notation,

I sometimes use G(.|c0, li; z) and g(.|c0, li; z) for both regular and fringe bidders in which li does

not take any value for fringe bidders. Therefore,

Pr

 i wins against Nk
−i

rivals of state k

∣∣∣∣b, c0, li; δ, z
 =

Nk
−i∑

nk=0

(
Nk
−i
nk

)
p(c0, lk; δ, z)

nk(1−Gr(b|c0, lk; z))nk(1− p(c0, lk; δ, z))N
k
−i−nk (11)
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in which lk = (k,N−k) and N−k includes N j
−k = N j

−i−1{k 6= i and j = k}+1{k 6= i and j = i} for

each j ∈ {(1, 1), (1, 0), (0, 0)}. The above terms compute the beliefs of a bidder with state vector k

on the number of rivals from each state vectors. The probability of winning against fringe bidders

is given by

Pr

 i wins against

fringe bidders

∣∣∣∣b, c0, li; δ, z
 =

NF∑
nf=0

Pr(nf |c0,N; z)(1−Gf (b|c0,N; z))nf , (12)

in which probability of seeing nf bidders is dependent on the project covariates and number of

the regular bidders of each state vector. I will go through how to specify this probability in next

section. The probability of winning for a fringe bidder is similar to the one of the regular bidders.

6 Estimation of the Dynamic Model

This section describes a three-step estimation procedure for the parameters of the structural model.

The steps are as follows.

• In first-step, I estimate policy functions including distribution functions of equilibrium bids

and entry probabilities. I also estimate other auxiliary parameters of the model including

state transition probabilities at this step.

• In second-step, I estimate the primitives for the entry model by minimizing the distance

between the non-parametrically estimated entry probabilities and the entry probabilities im-

plied by the model. The minimization procedure in this step includes the value estimation as

follows18: an initial vector for the entry parameters is set; the values are computed using this

vector; the minimization process, using the estimated values and other estimates in first-step,

computes a new vector of entry parameters; the procedure is repeated with this new vector

till the minimization criteria is met19.

• In third step, I use FOC for an optimal bid, and estimates the construction costs as a function

of observed bids and the estimated parameters in last steps.

18The described procedure includes the minimization steps that are followed in fminunc function in MATLAB.
19E.g., the difference between the current vector and former vector is near to zero.
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Distribution of Equilibrium Bids Equilibrium bid distributions for regular and fringe bidders

are assumed to be log-normally distributed. The mean µ and variance σ of a regular bidder’s bid

distribution are dependent on project covariates, the bidder’s own state variables, and number of

rivals from each type (state vector):20

µ(c0t, sit, wit,N−it; zt) = µ1,ztc0t + µ2,ztsit + µ3,ztwit +
∑

j∈{(1,1),(1,0),(0,0)}

µ4,zt,jN
j
−it (13)

and

σ(c0t, sit, wit,N−it; zt) = σ1,ztc0t + σ2,ztsit + σ3,ztwit +
∑

j∈{(1,1),(1,0),(0,0)}

σ4,zt,jN
j
−it (14)

The parameters of a fringe bidder’s bid distribution , µf and σf , depend on project covariates and

number of bidders from each type:

µf (c0t,Nt; zt) = µ1f,zt log(c0t) +
∑

j∈{(1,1),(1,0),(0,0)}

µ2f,zt,jN
j
t (15)

and

σf (c0t,Nt; zt) = σ1f,zt log(c0t) +
∑

j∈{(1,1),(1,0),(0,0)}

σ2f,zt,jN
j
t . (16)

Bid Distributions are then estimated using maximum likelihood.

State-Specific Entry Probabilities It is implied by the structural model that regular bidders

with the same state vector have the same entry probabilities. To find the entry probabilities of a

bidder at some state (c̃0, l̃; z), using frequency estimators21, I compute the ratio of the number of

bidders who entered being at this state to the total number of bidders at the state:

p(c̃0, l̃; z) =

∑NR
i

∑T
t 1{dit = 1 , c0t = c̃0 , lit = l̃ ; z}∑NR

i

∑
k=0,1

∑T
t 1{dit = k , c0t = c̃0 , lit = l̃ ; z}

.22 (17)

20I do not add a constant term because of the collinearity problem of having
∑

j∈{(1,1),(1,0),(0,0)}N
j
−it equal to a

fixed amount NR − 1.
21I dropped the very large and very small department-estimated costs with low frequencies.
22the variable c0 includes the department-estimated cost, which is a continuous variable. To compute the above, I

fractionate the domain of this variable to 40 bins. Then, I assign the average of the beginning and ending points of
a bin to any department cost falling into the bin. By doing so, the number of possible department costs fall into 40
numbers.
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Probability for Number of Fringe Bidders Number of fringe bidders is assumed to follow

a Poisson process whose parameter (α) is dependent on project covariates and number of regular

bidders from each state vector. Therefore, the probability of observing nf fringe bidder at state

(c̃0, Ñ ; zt) is:

Pr(nf |c̃0, Ñ ; zt) =
exp (−αzt(c̃0, Ñ))αzt(c̃0, Ñ)

nf

nf !
,

in which

αzt(c̃0, Ñ) = α1,zt log(c̃0) +
∑

j∈{(1,1),(1,0),(0,0)}

α2,zt,jN
j
t . (18)

State Transitions To estimate state transitions Pr(l′|l, s′ = s, w′ = w; z), I use frequency esti-

mators:

Pr(l′, c′0|l, s′ = s, w′ = w; z) =

∑T
t 1{lit+1 = l′, c0t+1 = c′0, sit+1 = s, wit+1 = w, lit = l; z}∑T

t 1{sit+1 = s, wit+1 = w, lit = l; z}
. (19)

Cost Function of Regular Bidders The FOC for an optimal bid is used to get an expression for

private construction costs. Taking derivative from Formula 4 with respect to b gives the construction

cost function in terms of the observed bids, bids function, entry probabilities, and value function:

ci = b +
Pr(i wins|b, c0, li; δ∗, z)
∂Pr(i wins|b, c0, li; δ∗, z)

∂b

+ β
∑
l′∈L

[Pr(l′|li, s′i = 1, w′i = 1; δ∗, z)− Pr(l′|li, s′i = 1, w′i = 0; δ∗, z)]V (c′0, l
′; δ∗, z)}

(20)

The form of the second term is presented in the appendix. The first line of the above expression

shows that the construction cost is lower than the bid amount by a mark-up, which is negatively

related to the number of participants, i.e. competition level. There is also a second mark-up

term that includes the value function. It accounts for the discounted stream of payoffs that arises

when bidding in the current round is accompanied by bidding in the next round. When there are

intertemporal linkages across the auctions, bidders should account for the next periods’ payoff when

deciding about entry and bidding in the current round.
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Cost Function of Fringe Bidders Applying the FOC, the cost function of a fringe bidder is

given by

cf = b+
Pr(f wins|b, c0,N; δ∗, z)

∂Pr(f wins|b, c0,N ; δ∗, z)

∂b

. (21)

The second term is computed similar to that of the regular bidders (presented in the appendix)

with slight changes.

Value Function Estimation Conditional on the parameters of entry, i.e. θz = (λ0,z, λ1,z, λ2,z),

the value function can be estimated numerically. Using Formula 6, H−1(p(c0, li; z)) = γ(c0, li; δ
∗, z).

Doing math computation:

p(c0, li; z)E(ϕi|ϕi < γ(c0, li; δ
∗, z))

=
1

λz(si, wi)
[(1− p(c0, li; z)) log(1− p(c0, li; z)) + p(c0, li; z)]

≡ ∆(c0, li; δ
∗, z). (22)

Having this, I plug the FOC equation from Formula 20 into the ex-ante value function from Formula

7, and change the variable from c to b. It obtains:

V (c0, li; δ
∗, z,θz) = p(c0, li; z)Π(c0, li; δ

∗, z)

+β
∑
l′∈L

Ec′0

[
p(c0, li; z)Pr(l

′|li, s′ = 1, w′ = 1; δ∗) + (1− p(c0, li; z))Pr(l′|li, s′ = 1, w′ = 0; δ∗)
]

×V (c′0, l
′; δ∗, z,θz)−∆(c0, li; δ

∗, z) (23)

in which

Π(c0, li; δ
∗, z) =

∫
Pr(i wins|b, c0, li; δ∗, z)
∂Pr(i wins|b, c0, li; δ∗, z)

∂b

g(b|c0, li; z)db, (24)

and computes the current payoff of the bidder. Using the estimates of entry probabilities, all of the

elements in the right hand side of Equation 23, except for the value, are numerically computable.

The details of the value computation procedure is presented in the appendix.
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Parameters of Entry The primitives of the entry model are estimated by minimizing the dis-

tance between the estimated entry probabilities and the entry probabilities implied by the model.

Keeping in mind that p(c0, li; δ
∗, z) = H(γ(c0, li; δ

∗, z)), the model’s entry probabilities are given

by

p(c0, li; δ
∗, z) =

H

(
Π(c0, li; δ

∗, z) + β
∑
l′∈L

Ec′0

[
Pr(l′|li, s′ = 1, w′ = 1; δ∗, z) + Pr(l′|li, s′ = 1, w′ = 0; δ∗, z)

]
×V (c′0, l

′; z; δ∗, z, θz)

)
. (25)

The above formula yields to the functional expression P (z) = Λ(P (z); θz) over all the states. Using

the estimated entry probabilities and minimizing
(
P̂ (z)− Λ(P̂ (z); θz)

)(
P̂ (z)− Λ(P̂ (z); θz)

)′
, the

parameters of entry are estimated. It should be noted that the minimizing process includes the

value computation as well.

7 Results

Equilibrium Bid Distributions The parameters of the bid distributions are reported in Table

7, separately for regular and fringe bidders and 2006–2008 and 2009–2012 periods. All the signs

are expected. A bidder’s activity status enters with a negative sign, suggesting that a regular

bidder is more likely to submit a lower bid given that he was active in a former round. Moreover,

the estimates show that the negative correlation between a bidder’s activity status and his bid is

stronger during 2009–2012 than during 2006–2008. There is also a competition effect in the sense

that both regular and fringe bidders are more likely to submit a lower bid given that the number

of active rivals in a former round (rivals with (1,1) state vector) was high.

In Figure 4, I plot the distribution function of equilibrium bids for a regular bidder at different

own state variables and at mean values of other state variables and project covariates of the corre-

sponding period. The figure shows that the distribution stretches to the left for an active firm in a

former round, illustrating that the firm is more likely to bid lower, compared to the bidders with

no activity in a former round.

To check the goodness of fit for the bid distributions, I compare the statistics of bids generated

by the estimated distributions with those of the observed bids for each category (regular and fringe
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bidders; before and during the crisis). The statistics are reported in Table 8 and show that mean

differences for each category are statistically non-significant at 99% confidence. To recheck the

goodness, I repeat this for the winning bids. The procedure to find the minimum generated bid for

each auction in the sample is as follows.

1. I extract the auction’s project covariates and number and identity of bidders with correspond-

ing state variables.

2. Using the extracted number in Step 1, for each bidder, a bid is drawn from the corresponding

estimated bid distribution.

3. The minimum bids among all the bids is found.

The statistics for winning bids are reported in Table 8 and show that the difference between means

of generated winning bids and those of the observed bids are statistically non-significant at 99%

confidence.

Number of Fringe Bidders The parameters for equilibrium number of fringe bidders are re-

ported in Table 9, separately for the 2006–2008 and 2009–2012 periods. The estimates show that

fringe bidders are less likely to enter larger auctions (auctions with large department-estimated

cost); however, this negative correlation weakens for the 2009–2012 period. To check the goodness

of fit for the distributions, I compare the statistics of the generated numbers by the estimated

distributions with those of the observed bids. In the 2006–2008 period, the mean of the generated

number of fringe bidders is 2.990 with standard deviation 2.013, and that of the observed numbers is

2.981 with standard deviation 2.103. In the 2009–2012 period, the mean of estimated and observed

numbers are 4.998 and 4.4899, respectively, and the standard deviations are 2.241 and 2.976. The

mean differences for each period are, therefore, statistically non-significant at 99% confidence.

Regular Bidders’ Cost Distributions The cost distribution for a regular bidder can be re-

covered from Formula 20 by substituting the estimated distributions into the expression. Figure 5

plots cost distributions separately for 2006–2008 and 2009–2012. The distributions are estimated

at different own state variables and at sample mean values of other state variables and department

cost of the corresponding period. The figure shows that the distribution stretches to the left for an

active firm in a former round, which is to be expected given that a more active firm in a former

round faces a lower marginal cost. This was not imposed during the model and estimation, though.
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Figure 6 compares the cost distributions for a regular bidder, normalized by the department

cost, at different periods. At each sub-plot, I estimate the distribution at one of own state vectors,

and sample mean values of other state variables and department cost of the period. It is seen that

the distribution during 2009–2012 for the states (1,1) and (1,0) stretch to the left, which is to be

expected given that the effect of dynamic synergies is stronger during the crisis. The average cost

for a bidder at state (1,1), normalized by the department cost, is 92.3% with standard deviation

18.26% during 2006–2008, and the average is 85.5% with standard deviation 14.49% during 2009–

2012. The same trend is seen for a bidder at state (1,0).

Sample project costs as well as sample mark-ups are recovered from Formula 20 by substituting

the equilibrium bid distribution into the expression and evaluating the expression at sample bids

and corresponding covariates. The average normalized cost is 86.9% with standard deviation 18.3%

during 2006–2008, and it is 81.5% with standard deviation 16.2% during 2009–2012. The mark-up

ratio (
bit − cit
cit

) for a regular bidder is on average 6% during 2006–2008 and 2.7% during 2009–2012.

The average mark-up ratio for the winning bids is 9.4% during 2006–2008 and 3.6% during 2009–

2012. To check the validity of the estimated mark-ups, I report the yearly mark-up (i.e. bit−cit) for

each regular firm in Table 10. The yearly average mark-up for a regular firm during the investigated

period is about $9.2 million; it is $17.5 million during 2006–2008, which decreases to $4.4 million

during 2009–2012.

Entry Cost Distributions The parameters of entry cost distributions, separately for periods

before and during the crisis, are reported in Table 11. The signs are all expected and show that

an active firm in a former round has lower entry cost on average. The average entry cost for

a bidder at state vector (1,1) is $17,184 during the 2006–2008 period and $11,431 during the

2009–2012 period; they are $19,086 and $11,382 for a bidder at state (1,0) and $ 36,761 and

$23,001 for a bidder at state (0,0). These numbers are just the mean of entry cost function, i.e.,

exp(− (λ0,zt + λ1,ztsit + λ2,ztwit)), at the estimated parameters of each period.

8 Counterfactuals

In this section, I construct proper counterfactuals to address these questions: (1) What would

firms’ costs and project prices have been in the absence of the crisis effect? (2) What would the

26



price of non-stimulus-funded projects have been in the absence of the stimulus money? (3) How

does upscaling of projects affect prices? To answer the above questions, I use the estimates of

the primitives to measure the variables of interest under the counterfactuals; I then compare these

variables with the ones under the base state.

8.1 Project Prices in the Absence of the Economic Crisis

In this section, I find the project prices in the absence of the crisis effect. To eliminate the effect

of the crisis, I simulate winning bids for the auctions awarded during the crisis period (i.e. 2009–

2012), using the estimated bid distribution for the pre-crisis period (2006–2008) whose mean is

higher than that of the crisis period23. The simulation procedure is run under two different cases.

In Case 1, I disregard the difference in the number of regular bidders between the time periods

before and during the crisis, and vice-versa for Case 2. The process for Case 1 is as follows.

For each sample auction during 2009–2012:

1. I extract project covariates and identity of regular bidders with the corresponding state vari-

ables.

2. For each regular bidder, I draw a bid from the estimated bid distribution of the pre-crisis

period at the corresponding state variables and covariates.

3. From the estimated bid distribution of fringe bidders for pre-crisis period, I draw bids as

many as number of fringe bidders in the auction.

4. I find the minimum bid among all the bids.

For Case 2, I follow the previous process after subtracting the additional 0.6 regular bidder,

which is the average difference in the number of regular bidders between the time periods before

and during the crisis. To do so, for each auction, every actual regular bidder is eliminated once

from the set of regular bidders in Step 1. Following the above next steps, this yields to as many

minimum bids as number of regular participants in the auction. The average over these bids gives

an estimate of the winning bid after subtracting one regular bidder. The weighted average over the

simulated bids in Cases 1 and 2 is then computed to find the auction-winning bid after subtracting

the additional 0.6 regular bidder.

The simulation results show that the mean of the winning bids, normalized by the department

cost, under the counterfactual in Case 1 is 93.7% with standard deviation of 14.4%, while that of

23Because winning bids determine project prices in the ADOT market, this exercise is valid.
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the base state is 87.5% with standard deviation of 14.6%. These results suggest that the project

prices would have been higher by 6.2 percentage points if there were no crisis effect in the market.

It is equal to $129.9 million savings in government spending during the crisis. The results for Case

2 are very similar to those of Case 1.

Firms’ Costs Here, I quantify how much higher firms’ costs would have been in the absence of

the crisis effect. To find the cost estimates under the counterfactual, for each regular participant

at each auction during 2009–2012, I extract project covariates and corresponding state variables;

I then use the estimated inverse bidding function of the pre-crisis period (2006–2008) to simulate

costs. Here, it is assumed that regular bidders follow the same entry decision as does the base state.

The simulation results show that firms’ costs, normalized by the department cost, are higher

under the counterfactual by 5.7 percentage points, which is equivalent to $119.4 million. The effect

comes from the fact that dynamic synergies contribute less in moving a firm’s cost down during

2006–2008. By doing the above exercise, it is possible to decompose the effect of the crisis on project

prices into two components: firms’ costs and mark-ups. The simulation results show that project

costs for the winning firms increase by 5.4 percentage points under the counterfactual; the rest of

the changes in project prices can therefore be explained by the increase in the firms’ mark-ups.

8.2 The Effect of the Stimulus on the Non-Stimulus-Funded Projects

In this section, I find the price of the non-stimulus projects under the counterfactual that the

stimulus money would not have been injected into the market. To do so, I need to relax the effect

of dynamic synergies coming from entry and winning of a stimulus-funded project on the price of

the projects funded by other sources. The process is as follows.

I start the simulation with the round in which initial stimulus-funded projects are awarded. For

each non-stimulus-funded auction in the round:

1. I extract the project covariates and corresponding state vector for each regular bidder in the

set of regular bidders.

2. The entry costs are drawn for each regular bidder at the corresponding state vector.

3. The entry decision for each regular bidder is determined using estimated primitives for the

crisis period.
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4. For each regular participant in the last step, a bid is drawn from the pre-crisis estimated bid

distribution at the corresponding state variables and covariates.

5. Number of participant fringe bidders is drawn from the estimated distribution for the crisis

period.

6. As many bids as number of fringe bidders in the last step are drawn from the pre-crisis

estimated bid distribution of fringe bidders.

7. The minimum bid among all the bids is then found.

8. Given the identity of auction’s participants and winner, the next round’s state variables are

updated24.

The simulation results show that the project prices in the absence of the stimulus money would

have been higher by 7.1 percentage points, which is equivalent to $107.6 million. The higher prices

are due to the increased firms’ costs in the absence of the dynamic synergies (e.g. complementary

tasks) created by the stimulus projects.

8.3 Upscaling of Projects

To investigate the effect of the government’s choice to scale down the size of the projects during the

crisis, I find the project prices under the counterfactual that stimulus money would have been spread

among smaller number of large-scale projects. To do so, I find the total stimulus money in each

round. I then design new stimulus projects as the same size as the average size of the non-stimulus

projects of the round. The simulation process in Section 8.1 is then used to simulate winning bids

for all the non-stimulus projects as well as for the new-designed projects. The results show that

the project prices are 1.3 percentage points higher under the counterfactual when compared with

the base case.

9 Conclusion

This paper examines how the 2008 economic crisis and resulting stimulus affected firms’ costs and

project prices paid by the government. To fully investigate the extent of these effects, I develop a

24In the simulation process, I let the entry decisions be simulated using the estimated primitives of the crisis period.
The reason is that the bidders’ entry decisions during the crisis are also affected by a demand contraction in the
private construction market. To have a good sense of the competition effect, the entry decisions should be determined
using the estimated distribution for that period.
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dynamic structural auction model that establishes an intertemporal link to firms’ marginal costs by

introducing dynamic synergies from entering and winning auctions. I then apply my model to the

data for all highway construction auctions run by ADOT during the period from 2006 to 2012. The

results show that firms’ costs were, on average, 5.4 percentage points lower during the crisis. Much

of the reason for the cost reduction is due to the state government’s choice to award stimulus funding

to numerous small-scale projects. A focus on more small-scale projects encouraged competition and

participation, thus providing greater potential ground for the synergies from entering and winning

sequential auctions. The remainder of the decrease in project prices is due to a decrease in firms’

markups because of a higher level of competition during the crisis. The counterfactual findings

suggest that project prices would have been higher by 6.2 percentage points ($129.9 million) in the

absence of the crisis effect.

30



A Appendix: FOC

The FOC for an optimal bid includes computing the markup (seen in Formula 20). The follow-

ing describes the computing procedure for one of the terms in the markup expression which is
∂Pr(i wins|b, c0, li; z)

∂b
. This term can be written as

∂Pr(i wins|.)
∂b

=

∂Pr

 i wins against

regular rivals

∣∣∣∣.


∂b
× Pr

 i wins against

fringe bidders

∣∣∣∣.


+

∂Pr

 i wins against

fringe bidders

∣∣∣∣.


∂b
× Pr

 i wins against

regular rivals

∣∣∣∣.
 . (26)

The first element in the right hand side is given by

∂Pr

 i wins against

regular rivals

∣∣∣∣b, c0, li; z


∂b
=

N1,1
−i ,N

1,0
−i ,N

0,0
−i∑

n1,1=0, n1,0=0, n0,0=0

∏
k∈{(1,1),(1,0),(0,0)}

(
Nk
−i
nk

)
p(c0, lk; z)

nk(1−Gr(b|c0, lk; z))nk

[−n1,1 gr(b|c0, l1,1; z)
1−Gr(b|c0, l1,1; z)

− n1,0 gr(b|c0, l1,0; z)
1−Gr(b|c0, l1,0; z)

− n0,0 gr(b|c0, l0,0; z)
1−Gr(b|c0, l0,0; z)

], (27)

in which lk = (k,N−k) and N−k includes N j
−k = N j

−i − 1{k 6= i and j = k} + 1{k 6= i and j = i}

for each j ∈ {(1, 1), (1, 0), (0, 0)}. To get the second element in the right hand side, the following is

computed:
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∂Pr

 i wins against

fringe bidders

∣∣∣∣b, c0, li; z


∂b

=

NF∑
nf=0

−nf Pr(nf |c0,N; z)gf (b|c0,N; z)(1−Gf (b|c0,N; z))nf−1. (28)

B Appendix: Estimation of Value Function

The following describes the computation procedure for the values. The ex-ante value function in

Formula 23 can be rewritten in a matrix form:

V (δ∗; θz, z) = P (δ∗; z) Π(δ∗; z) +

[β P (δ∗; z) M10(δ
∗; z) + β (1− P (δ∗; z)) M00(δ

∗; z)] V (δ∗; θz, z)−∆(δ∗; θz, z)

(29)

or equivalently,

V (δ∗; θz, z) = [I − β P (δ∗; z) M10(δ
∗; z)− β (1− P (δ∗; z)) M00(δ

∗; z)]−1

[P (δ∗; z) Π(δ∗; z)−∆(δ∗; θz, z)] (30)

in which

Π(δ∗; z) = [Π(c0, l; δ
∗, z)] ∀c0 ∈ C0(z), l ∈ L, z ∈ Z

V (δ∗; θz, z) = [V (c0, l; δ
∗, z)] ∀c0 ∈ C0(z), l ∈ L, z ∈ Z

P (δ∗; z) = [p(c0, l; δ
∗, z)] ∀c0 ∈ C0(z), l ∈ L, z ∈ Z

M10(δ
∗; z) = [Pr(c′0, l

′|l, s′ = 1, w′ = 1; δ∗, z)]l∈L ∀c′0 ∈ C0(z), l
′ ∈ L, z ∈ Z

M00(δ
∗; z) = [Pr(c′0, l

′|l, s′ = 1, w′ = 0; δ∗, z)]l∈L ∀c′0 ∈ C0(z), l
′ ∈ L, z ∈ Z

∆(δ∗; θz, z) = [∆(c0, l; δ
∗, z)] ∀c0 ∈ C0(z), l ∈ L, z ∈ Z.

All the above matrices are numerically computable using the estimated distributions of equilibrium

bid and entry probabilities, and state transitions. To compute Π(c0, li; δ
∗, z) whose functional form

was shown in Formula 24, I use Legendre-Gauss Quadrature method.
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Table 1: Project Statistics by Year and Funding Source

Year Fund Source Total Amount
Awarded

($Millions)

Number of
Projects

Average Size of
Projects

($Millions)
2006 470.5 58 8.1

2007 827.4 105 7.9

2008 794.2 79 10.1

2009
Total 488.1 (100.0%) 125 (100.0%) 3.9
Stimulus 202.9 (41.6%) 63 (50.4%) 3.2
Other 285.3 (58.4%) 62 (49.6%) 4.6

2010
Total 532.1 (100.0%) 163 (100.0%) 3.3
Stimulus 146.5 (27.6%) 60 (36.8%) 2.4
Other 385.6 (72.4%) 103 (62.2%) 3.7

2011
Total 464.9 (100.0%) 109 (100%) 4.3
Stimulus 16.1 (3.4%) 9 (8.3%) 1.8
Other 448.8 (96.6%) 100 (91.7%) 4.5

2012 396.2 107 3.7

All Years
Total 3,973.4 (100%) 746 5.3
Stimulus 365.4 (9.9%) 133 2.7
Other 3,607.9(90.1%) 613 5.9

Numbers in parentheses are percentages of total.
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Table 2: Auction Statistics

Total 2006–2008 2009–2012

No. of Auctions
746 242 504

No. of Bidders
Mean 6.5 5.1 7.1
STDV 3.1 2.4 3.2
Min 1 1 1
Max 23 15 23

No. of Plan-Holders
Mean 10.5 8.8 11.2
STDV 4.7 3.7 4.9
Min 2 2 2
Max 33 23 33

Submitted Bids
(million) Mean 5.3 7.8 4.5

STDV 13.6 18.1 11.5
Min 0.05 0.06 0.05
Max 240.3 240.3 155.7

Department-Estimated Cost
(million) Mean 5.5 8.4 4.2

STDV 15.3 20.2 12.0
Min 0.05 0.01 0.05
Max 177.0 177.0 145.1

% Difference between Winning
Bid and Department Cost Mean -9.6 -3.9 -12.5

STDV 15.2 16.3 14.6
Min -56.3 -46.1 -56.3
Max 64.0 63.7 64.0

% Difference between Second-
lowest Bid and Winning Bid Mean 6.9 8.4 6.3

STDV 7.7 10.2 6.1
Min 0.01 0.00 0.01
Max 41.5 41.5 31.8
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Table 3: Number of Bidders Statistics

Total 2006–2008 2009–2012

No. of Bidders
Mean 6.5 5.1 7.1
STDV 3.1 2.4 3.2
Min 1 1 1
Max 23 15 23

No. of Regular Bidders
Mean 2.5 2.1 2.7
STDV 1.8 1.5 2.0
Min 0 0 0
Max 8 6 8

No. of Fringe Bidders
Mean 3.9 2.9 4.5
STDV 2.8 2.2 3.0
Min 0 0 0
Max 22 11 22
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Table 4: Entry Estimates for Regular Firms (LPM)

Dependent Variable: Bid Submission Winning Conditional on Bidding

(1) (2) (3) (1) (2) (3)

Variables:
Log of Dep. Cost 0.051*** 0.050*** 0.050*** -0.011 -0.013** -0.007

(0.003) (0.003) (0.003) (0.007) (0.006) (0.007)

Entry in Former Round 0.049*** 0.049*** 0.017 -0.037 -0.032 -0.018
(0.015) (0.015) (0.016) (0.036) (0.035) (0.036)

Win. in Former Round 0.572*** 0.589*** 0.588*** 0.053** 0.061*** 0.038*
(0.015) (0.015) (0.015) (0.022) (0.021) (0.022)

Winning to Bidding Ratio 0.013 - - 0.034 - -
(0.020) (0.038)

Log of Backlog -0.002 - - 0.003 - -
(0.003) (0.024)

Large Project in Next -0.017 - - 0.034 - -
Round (0.012) (0.023)

No. of Reg. Rivals -0.008* -0.009** -0.005 -0.010 -0.008 -0.008
Won in Former Round (0.004) (0.004) (0.004) (0.009) (0.008) (0.008)

No. of Reg. Rivals 0.023*** 0.023*** 0.027*** 0.000 -0.002 -0.005
Entered in Former Round (0.005) (0.005) (0.005) (0.009) (0.009) (0.009)

Constant -0.656*** -0.603*** -0.658*** 0.332*** 0.406*** 0.404***
(0.060) (0.055) (0.056) (0.122) (0.114) (0.121)

Firm Fixed Effects No No Yes No No Yes
Mean Square Error 0.144 0.150 0.146 0.143 0.143 0.140
No. of Observation 5968 5968 5968 1645 1645 1645
***For 99% Confidence Interval; **For 95% Confidence Interval; *For 90% Confidence Interval.
Numbers in parenthesis are standard errors.
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Table 5: Bidding Estimates for Regular Firms (OLS)

Dependent Variable: Log of Bid Log of Winning Bid

(1) (2) (3) (1) (2) (3)

Variables:
Log of Dep. Cost 0.966*** 0.963*** 0.960*** 0.981*** 0.983** 0.969***

(0.003) (0.003) (0.003) (0.006) (0.006) (0.008)

Entry in Former Round -0.006 -0.015 -0.004 -0.024 -0.026 -0.017
(0.015) (0.015) (0.015) (0.034) (0.032) (0.033)

Win. in Former Round -0.044*** -0.023** -0.018** -0.036 -0.011 -0.004
(0.014) (0.009) (0.009) (0.029) (0.019) (0.022)

Winning to Bidding Ratio 0.061** - - 0.055 - -
(0.027) (0.052)

Log of Backlog -0.000 - - 0.001 - -
(0.001) (0.002)

Large Project in Next Round 0.024** - - 0.001 - -
(0.010) (0.025)

No. of Reg. Rivals -0.005 -0.010 -0.013 -0.021 -0.019 -0.020
Won in Former Round (0.010) (0.009) (0.009) (0.024) (0.022) (0.022)

No. of Reg. Rivals -0.017 -0.004 0.003 -0.017 -0.008 -0.002
Entered in Former Round (0.013) (0.013) (0.013) (0.030) (0.027) (0.027)

Constant 0.562*** 0.581*** 0.612*** 0.226* 0.172* 0.362***
(0.026) (0.027) (0.026) (0.118) (0.103) (0.120)

Firm Fixed Effects No No Yes No No Yes
Mean Square Error 0.026 0.027 0.026 0.021 0.020 0.020
No. of Observation 1645 1645 1645 285 285 285
***For 99% Confidence Interval; **For 95% Confidence Interval; *For 90% Confidence Interval.
Numbers in parenthesis are standard errors.
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Table 6: Entry and Bidding Estimates with Crisis Time Dummy and Shifters

Dependent Variable: Bid Submission Log of Bid

(1) (2) (3) (4) (1) (2) (3) (4)

Variables:
Log of Dep. Cost 0.049*** 0.061*** 0.064*** 0.064*** 0.962*** 0.953*** 0.953*** 0.954***

(0.003) (0.006) (0.006) (0.006) (0.003) (0.005) (0.005) (0.005)

Entry in Former 0.049*** 0.049*** 0.080*** 0.081*** -0.017 -0.031** -0.011 -0.001
(0.016) (0.016) (0.024) (0.025) (0.015) (0.015) (0.022) (0.022)

Win. in Former 0.591*** 0.591*** 0.455*** 0.449*** -0.025*** -0.022** 0.021 0.017
(0.015) (0.015) (0.026) (0.026) (0.009) (0.009) (0.016) (0.017)

No. of Reg. -0.010** -0.011** -0.011** -0.006 0.023** -0.001 0.023** 0.049***
Won in Former (0.004) (0.004) (0.004) (0.009) (0.010) (0.004) (0.010) (0.017)

No. of Reg. 0.023*** 0.022** 0.022*** 0.017* 0.014 -0.004 0.011 0.042**
Entered in Former (0.005) (0.005) (0.005) (0.010) (0.013) (0.004) (0.013) (0.020)

2009–2012 Dummy 0.026** 0.293*** 0.339*** 0.323*** -0.043*** -0.228*** -0.210** -0.093
0.011 (0.100) (0.104) 0.118 (0.009) (0.087) (0.090) (0.101)

Log of Dep. Cost - -0.017** -0.021*** -0.021*** - 0.013** 0.013*** 0.011*
2009–2012 Shifter (0.007) (0.007) (0.007) (0.006) (0.006) (0.006)

Entry in Former - - -0.046 -0.047 - - 0.005 0.028
2009–2012 Shifter (0.029) (0.032) (0.029) (0.030)

Win. in Former - - 0.202*** 0.210*** - - -0.064*** -0.060***
2009–2012 Shifter (0.031) (0.032) (-0.019) (0.020)

No. of Reg. - - - -0.006 - - - -0.047**
Entered in Former (0.011) (0.021)
2009–2012 Shifter

No. of Reg. - - - 0.007 - - - -0.062**
Won in Former (0.011) - (0.027)
2009–2012 Shifter

Constant -0.627*** -0.784*** -0.829*** -0.818*** 0.589** 0.760*** 0.712*** 0.652***
(0.056) (0.086) (0.088) (0.097) (0.049) (0.074) (0.074) (0.074)

Firm Fixed Effects No No No No No No No No
Mean Square Error 0.144 0.150 0.149 0.149 0.026 0.026 0.026 0.026
No. of Observation 5968 5968 5968 5968 1645 1645 1645 1645
***For 99% Confidence Interval; **For 95% Confidence Interval; *For 90% Confidence Interval.
Numbers in parenthesis are standard errors.
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Table 7: Parameter Estimates of Bid Distributions

Regular Bidders Fringe Bidders
2006–2008 2009–2012 2006–2008 2009–2012

Variables: µ
Log of Dep. Cost 0.975 0.988 0.976 0.984

(0.000) (0.002) (0.001) (0.001)

Entry in Former Round -0.008 -0.050 - -
(0.000) (0.017)

Win. in Former Round -0.014 -0.041 - -
(0.000) (0.011)

No. of (1,1) Reg. Rivals -0.149 -0.082 -0.207 -0.108
(0.000) (0.013) (0.020) (0.009)

No. of (1,0) Reg. Rivals 0.195 0.064 0.183 0.121
(0.001) (0.014) (0.022) (0.011)

No. of (0,0) Reg. Rivals 0.116 0.085 0.130 0.094
(0.000) (0.016) (0.019) (0.012)

σ
Log of Dep. Cost -0.012 -0.005 -0.011 -0.002

(0.000) (0.001) (0.001) (0.000)

Entry in Former Round 0.004 0.038 - -
(0.000) (0.010)

Win. in Former Round 0.002 0.005 - -
(0.000) (0.007)

No. of (1,1) Reg. Rivals 0.107 0.062 0.104 0.077
(0.000) (0.008) (0.011) (0.005)

No. of (1,0) Reg. Rivals 0.156 0.087 0.192 0.112
(0.000) (0.008) (0.013) (0.006)

No. of (0,0) Reg. Rivals 0.118 0.087 0.139 0.050
(0.000) (0.010) (1.012) (0.007)

Numbers in parenthesis are standard errors.
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Table 8: Goodness of Fit for Equilibrium Bid Distributions

2006–2008 2009–2012
Log Mean of

Simulated Bids
Log Mean of

Observed Bids
Log Mean of

Simulated Bids
Log Mean of

Observed Bids

Regular Bidders 15.029 15.029 14.614 14.616
(1.528) (1.493) (1.375) (1.346)

Fringe Bidders 14.282 14.268 13.943 13.937
(1.606) (1.565) (1.442) (1.424)

Log Mean of
Winning

Simulated Bids

Log Mean of
Winning

Observed Bids

Log Mean of
Winning

Simulated Bids

Log Mean of
Winning

Observed Bids

All Bidders 14.378 14.459 13.819 13.919
(1.641) (1.631) (1.424) (1.434)

Regular Bidders 14.816 14.878 14.115 14.244
(1.501) (1.511) (1.372) (1.351)

Fringe Bidders 14.059 14.146 13.652 13.735
(1.671) (1.652) (1.427) (1.450)

Numbers in parenthesis are standard errors.

Table 9: Parameter Estimates for Number of Fringe Bidders

2006–2008 2009–2012
Log of Dep. Cost -0.115 -0.061

(0.009) (0.006)

No. of (1,1) Reg. Rivals 0.324 0.287
(0.039) (0.021)

No. of (1,0) Reg. Rivals 0.382 0.339
(0.038) (0.020)

No. of (0,0) Reg. Rivals 0.316 0.306
(0.036) (0.028)

43



Table 10: Regular Firms’ Mark-up

Year 2006 2007 2008 2009 2010 2011 2012
Firm ID (In thousands $)
1 706 584 48,185 2,896 3,462 1,868 1,839
2 0 1,403 682 2,806 1,797 1,790 4,245
3 2,956 17,060 72,611 10,159 3,982 7,521 1,840
4 2,141 4,205 9,898 3,071 5,597 3,950 2,376
5 5,038 22,027 77,794 12,223 8,044 9,757 7,585
6 3,300 12,922 72,838 10,363 6,714 3,840 6,567
7 10,394 2,460 3,727 5,226 1,334 3,658 1,327
8 702 2,102 2,662 2,124 1,986 1,064 1,000
Average 8,506 7,845 36,050 6,108 4,114 4,181 3,222
Firm 2’s zero profit in 2006 was not included in the average.

Table 11: Parameters of Entry

2006–2008 2009–2012
Parameters:
λ0 -10.512 -10.043

(0.709) (0.513)
λ1 0.655 0.703

(0.820) (0.567)
λ2 0.105 -0.004

(0.582) (0.360)
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Figure 1: Total Value and Number of Projects, Stimulus vs. Non-Stimulus

(a) Project Values

(b) Project Numbers
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Figure 2: Housing Units Under Construction, 2006–2012

Figure 3: Distribution of Firms’ Entry, 2006–2012

46



Figure 4: Distribution Function of Equilibrium Bids
for Regular Bidders

(a) 2006–2008

(b) 2009–2012
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Figure 5: Cost Distribution Functions
for Regular Bidders at Different States

(a) 2006–2008

(b) 2009–2012
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Figure 6: Cost Distribution Functions
for Regular Bidders at Different Periods

(a) State(1,1)

(b) State(1,0)

(c) State(0,0)
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