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Abstract

Governments often cannot contract on the quality of what they procure. When quality is
non-contractible, screening may improve performance by restricting which firms can compete.
Many governments screen contractors indirectly, conditioning eligibility for larger contracts
on the execution of smaller ones. I study this trade-off in Rwanda’s public procurement of
infrastructure, focusing on one key measure of quality: project completion time. I link the
near-universe of electronic procurement records for 2016-2024 to records of government payments
that trace contract execution. I estimate a dynamic auction model in which low- and high-quality
firms compete in first-price auctions and completed work determines access to larger contracts.
High-quality firms complete work and accrue experience necessary for promotion faster than
low-type firms. Therefore, high-quality firms value winning tenders more than low-quality firms,
which induces them to bid more aggressively, partially offsetting their higher costs. I conduct
two sets of counterfactuals. First, I modify the eligibility criteria and highlight the government’s
trade-off between price and quality. Second, I change the government’s promotion policy to

estimate the value of screening on past performance.
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1 Introduction

Public infrastructure (e.g., roads, sewage systems, electricity grids) is critical for economic de-
velopment, but governments frequently struggle to ensure its timely completion: 60% of World
Bank infrastructure projects are delayed by one year or more (Espinoza and Presbitero, 2022).
Infrastructure projects are awarded by governments through public procurement markets and carried
out by private construction firms with heterogeneous costs and quality. I focus on a specific margin
of contractor quality: timely execution that meets the required technical specifications. Governments
often cannot observe this quality when awarding contracts, nor enforce performance once contracts
are signed.! In practice, therefore, quality is non-contractible. Low state capacity exacerbates
this friction. Since official discretion is prone to abuse where capacity is low, screening is often
implemented using coarse, rules-based proxies (Bosio et al., 2022), even though such rules may forgo
information that officials could otherwise use (Decarolis et al., 2025).

One proxy that is available even to a low-capacity government is past performance. Public
procurement is a repeated market in which a set of suppliers competes for contracts over time, so the
record of past contracts can be used to screen contractors indirectly. When quality cannot be fully
observed or contracted upon at the award stage, governments can instead condition eligibility for
future — and often larger — contracts on the execution of earlier ones. These restrictions may allocate
more valuable contracts to higher-quality suppliers, but they also reduce the number of eligible
bidders and weaken competition. Eligibility rules therefore create a tradeoff between improving
contract execution and containing procurement costs.

In this paper, I ask three questions. First, can eligibility rules that condition access to future
contracts on past execution screen suppliers on persistent, unobserved quality? Second, how do the
dynamic incentives these rules create—the continuation value of winning—shape equilibrium bidding
and the allocation of contracts? Third, what is the cost of this screening in forgone competition,
measured in procurement prices and completion delays?

I study these questions in the context of Rwanda’s public procurement of infrastructure (hence-
forth Works) contracts. Public procurement is a large share of Rwanda’s economy, accounting
for approximately 11% of GDP in 2017/18 (World Bank, 2020). Although Works tenders make
up only 13% of awarded tenders, they account for more than half of procurement value (Rwanda
Public Procurement Authority, 2023). In this setting, both tenders and construction firms are
assigned to a category on an ordered ladder which determine which tenders each firm is eligible to
bid on. Promotion to a higher category is granted on the basis of past executed contracts. Eligibility
restrictions of this kind are common, but their consequences for procurement outcomes remain

poorly understood.? Studying these policies empirically requires observing three objects that are

'For example, penalties for delays are not collected when courts are slow (Coviello et al., 2018), and winning
bidders may renegotiate the terms on which they won (Ryan, 2020).

2The World Bank’s Standard Procurement Document for Works makes experience a pass/fail qualification criterion,
requiring a minimum number of similar contracts “satisfactorily and substantially completed” (Section III, criterion
4.2(a)), and EU Directive 2014/24/EU permits requiring “a sufficient level of experience demonstrated by suitable
references from contracts performed in the past” as a requirement for participation (Art. 58(4)). Registry systems



rarely available together: the rules linking past execution to future eligibility, firms’ positions and
progression along the eligibility ladder, and their performance after receiving a contract. Rwanda is
particularly well suited to overcoming these measurement challenges. First, published regulations
codify the criteria linking past execution to future eligibility, providing an observed institutional
benchmark for the promotion policy. Second, firms hold sector-specific categories that are recorded
over time, allowing me to trace each supplier’s progression along the ladder. Third, government
payments to firms appear in tax records, allowing me to construct a measure of post-award payment
clearing—an administrative proxy for execution—beyond the point at which most procurement
records end.

I rely on two novel administrative datasets: procurement and Value-Added Tax (VAT) records.
The procurement records are held by the Rwanda Public Procurement Authority (RPPA) in its
electronic procurement platform, and cover the near-universe of public Works tenders between June
2016 and October 2024 — approximately 2,000 tenders, with information about the advertised
project, all submitted bids, bidder identities, evaluation and award outcomes, signed contracts,
and amendments. I link these to firms’ category request histories, which allow me to reconstruct a
monthly running category for each firm and sector, and hence the set of tenders for which a firm was
eligible at the date of each bid. Like most administrative procurement records, the Umucyo data
ends at contract award and does not track contract completion. I therefore measure execution from
tax records, which record all government payments to firms. Because payment follows certification
of completed work, the resulting series traces realized contract execution. This yields a quarterly
panel of government payments for 98 percent of the bidders in the procurement data, from 2013
through 2024. T link both datasets using each firm’s taxpayer identification number.

Using the linked data sources, I first document three empirical facts about this setting that
highlight the relevance of the entry eligibility policy and the tradeoff it imposes. First, contract
execution delays are pervasive. I document that only 20 percent of firms’ project portfolios are fully
paid by their scheduled end, a third remain incompletely paid two years later. Second, portfolio
completion speed is a persistent firm characteristic. A firm’s completion speed in its first three
quarters with outstanding work predicts its subsequent payment clearing: a one-standard-deviation
higher predetermined completion score predicts a 10.4 percentage-point higher clearing rate in later
quarters. I also show that most of the variation in project outcomes is a product of the firm, rather
than of the project or the buyer: once portfolio size is held fixed, buyer and match characteristics
account for little of that variation in completion speed, while firm fixed effects raise the explained
share from 19 to 43 percent. Third, although faster completion is not used to award contracts
directly, the category ladder converts completed experience into access to larger projects. Contracts
are awarded via a first-price sealed-bid auction among eligible bidders. Therefore, conditional on the
bid rank, no firm characteristics — a firm’s past experience and completion speed — matter for their

contract award. But firms’ completed contracts and completion speed matter for their likelihood

closer to Rwanda’s—a persistent class that caps the value of work a firm may bid for, upgraded on past executed
contracts— exist in Kenya, Tanzania, Zambia, South Africa, Singapore, Spain, and the Philippines.



of category promotion. I show the positive and increasing relationship between firms’ completed
contract value, measured by payments data, and their likelihood of upgrading. Promotion in turn
expands access: the median tender in the top category is more than one hundred times larger than
in the bottom category, and, within the same firm, sector, and fiscal year, tenders pursued after
promotion are 73 percent larger.

To interpret these facts and quantify the tradeoff, I specify and estimate a dynamic auction
model that maps closely to this setting (Jofre-Bonet and Pesendorfer, 2003; De Silva et al., 2023).
In the model, construction firms differ in a permanent, privately known execution type, carry a
backlog of unfinished work, and bid for tenders whose eligibility depends on their category. A firm’s
type governs the rate at which it completes awarded work, and therefore the speed at which the
value it wins becomes the paid experience. Each firm carries an individual state: the category that
determines which tenders it may enter, the unfinished work (backlog), and the paid experience it
has accumulated (which matters for promotion). In each quarter a firm observes the tenders for
which it is eligible, may participate in one or more. For each tender it participates in, the firm
submits a bid (for each) knowing its own cost draw and its rivals’ public states, but not their types.
Winning therefore imposes a tradeoff: it delivers current revenue and, in the future, may move the
firm up the category ladder, but it also adds unfinished work that may raise its costs and lowers its
participation in future auctions until that work clears. The firm’s optimal bid balances the two,
and takes the familiar form of a construction cost plus a static markup, less the discounted gain in
continuation value.

Estimation proceeds sequentially, following the tradition of two-step methods of dynamic
structural models (Hotz and Miller, 1993; Bajari et al., 2007; Aguirregabiria and Mira, 2007). First,
I estimate the policy environment, in particular the RPPA’s category promotion policy, based on
the empirical relationship between accrued paid experience and category promotion. I treat the
RPPA’s promotion rule as an exogenous policy rule that firms account for when forecasting how
winning an auction changes their eligibility for future tenders (Narayanan, 2025). Not all firms
participate in all auctions they are eligible for; I estimate a descriptive firm participation policy
that matches firms to auctions based on firm- and project-level observable characteristics. I assume
there are two firm types, High and Low, and that High-type firms clear their backlog faster. I
then recover firms’ execution type as a finite mixture using firm’s quarterly backlog clearing rate,
participation in auctions, and bids. Identification of the mixture relies on a conditional independence
assumption on the joint distribution of its backlog clearance, participation, and bidding given its
type, as well as sufficient cross-sectional and panel variation in these three margins (Hall and Zhou,
2003; Kasahara and Shimotsu, 2009). I estimate the mixture and the type-specific policies jointly by
Expectation—-Maximization, following Arcidiacono and Miller (2011), who first applied the algorithm
to dynamic models with persistent unobserved heterogeneity.

The second stage recovers the primitives that govern firms’ bidding behavior. At the auction
stage, firms observe rivals’ identities, but not rivals’ types. They form beliefs about rivals conditional

on public states by updating a prior of the (category-specific) rival types using the information from



observing the realized set of entrants. 3 Using these beliefs, I construct hazards for each bidder in
each auction, which summarize the level of competition in that auction and determine the static
markup. Given the beliefs and the estimated policies from the first stage, I compute the continuation
value of winning from firms’ conditional choice probabilities (Hotz and Miller, 1993; De Silva et al.,
2023). I invert the bid first-order condition to decompose each bid into cost, static markup, and
dynamic value (Guerre et al., 2000). Identification of cost parameters comes from the difference
between the observed bid and the separately-identified static and dynamic markup components
(Jofre-Bonet and Pesendorfer, 2003). This estimation stage yields structural cost primitives, static
markups, and dynamic markups/markdowns by firm type.

I estimate that around 20% of firms are high-quality type. At the median backlog, high-type
firms complete 42% of their outstanding project work per quarter, compared with 22% for low-type
firms. Because high-type firms convert awards into completed work, and thus into access to larger
contracts, faster than low-type firms, they value winning more. This larger continuation value leads
them to bid more aggressively, which offsets most of their cost disadvantage.

I first use the model to quantify how the dynamic continuation value shapes firms’ bids and
the allocation of contracts. Promoting firms at random within their category, independently of
completed work, removes most of this incentive and raises procurement prices by 8.2 percent. Thus,
the current regime is partly self-financing: the government pays lower prices today precisely because
the prospect of future market access makes firms mark down their bids.

I then use the model to evaluate a relaxation of the eligibility restriction. Allowing firms one
category below a tender’s requirement to bid on the smaller half of projects reduces procurement
spending by 2 percent without significantly increasing delay. Extending the same relaxation to all
projects reduces spending by 6 percent but adds 0.2 quarters, or about 2.3 weeks, of expected delay.

Section 2 describes Rwanda’s public works procurement market, the categorization policy, and
the data, including the construction of the payment-based measure of contract execution from VAT
withholdings. Section 3 documents the three empirical facts. Section 4 develops the dynamic auction
model, Section 5 describes estimation, and Section 6 presents identification. Section 7 reports the
structural estimates, and Section 8 the counterfactuals: the value of the dynamic incentive and

relaxations of the eligibility rule. Section 9 concludes.

1.1 Literature Review

This paper primarily contributes to three strands of literature.

The first is the literature on the potential tradeoff between prices and quality outcomes in
procurement. A large literature documents the tradeoff between procurement prices and execution
quality that this screening is meant to resolve (Decarolis, 2014; Bajari et al., 2014; Lewis and Bajari,
2011; Carril et al., 2026). The closest paper to mine is Andreyanov et al. (2024), who show that

scoring vendors on audited past performance can raise realized quality sharply without raising

3This restriction on beliefs keeps the model tractable but rules out learning of others’ types over time, and is
similar to that in Backus and Lewis (2025).



prices using a static auction model and comparing a scoring regime to a first-price auction regime.
Relative to this paper and the rest of the literature, I use a dynamic auction model that embeds
the government’s quality screen as a participation restriction to study how dynamic incentives for
future market access shape firm participation and bidding decisions.

The second strand studies procurement when quality is imperfectly contractible. Theory shows
why quality is under-supplied if it cannot be contracted. Incomplete contracts make adaptation
costly (Bajari and Tadelis, 2001), providers shade non-contractible quality (Hart et al., 1997), and a
buyer who values quality faces a lemons problem at the award stage, so that optimal procurement
restricts price competition (Manelli and Vincent, 1995; Lopomo et al., 2023). Several empirical
papers have provided clear examples: weak enforcement leaves delay penalties unenforced (Coviello
et al., 2018), allows firms to win by bidding below cost and renegotiating (Ryan, 2020), exposes
sellers to buyer hold-up (Ryan, 2026), and makes discretion in awards a trade-off with corruption
(Decarolis et al., 2025). Relative to this work, I study a rules-based substitute for enforcement,
in which the government makes access to future, larger contracts depend on firm performance. I
quantify the value of that future access to firms of each type and the price the government pays for
it through reduced competition.

The third is the literature on the structural estimation of dynamic auctions in public works
procurement. The seminal paper by Jofre-Bonet and Pesendorfer (2003) estimates the first dynamic
auction game in which capacity and backlog link current bids to a dynamic state. A small but growing
literature has since studied other aspects of dynamic procurement auctions, including participation
(Groeger, 2014), unobserved auction heterogeneity (Balat, 2015), endogenous asymmetry between
bidders (Saini, 2012), and subcontracting (Jeziorski and Krasnokutskaya, 2016). The closest paper
is De Silva et al. (2023), which develops a dynamic oligopoly model with backlog, entry, exit, and
experience accumulation in large markets. I use the discrete analogue of their framework, and extend
it in two main ways. First, I introduce Rwanda’s category ladder as the state that determines tender
eligibility and thus governs firms’ continuation value. Second, I use an Expectation-Maximization
algorithm to estimate persistent latent firm types, following Arcidiacono and Miller (2011).* Unlike
the papers in this literature, my government payments data allows me to measure backlog and

project completion directly over time, rather than impute it using contract schedules.

2 Setting and Data

2.1 Public Works Procurement in Rwanda

Public procurement is the primary instrument of infrastructure provision in Rwanda. Public Works

tenders® are administered by procuring entities (PEs)—ministries, districts, hospitals, schools, and

4Outside procurement, recent papers that use similar approaches to estimate unobserved permanent heterogeneity
include Cui (2025) and Narayanan (2025).

A tender is an auctioned project (e.g., the paving of a highway segment). A tender may be subdivided into lots,
which are advertised together but bid on and awarded separately; the lot is therefore the unit of competition, and I
treat each lot as an independent auction throughout. Because 85 percent of tenders contain a single lot, the text



other public bodies—each of which advertises and administers its own tenders under the regulation
of the Rwanda Public Procurement Authority (RPPA). The suppliers are construction firms, the
overwhelming majority of which (more than 95% in the bidding data described below) are registered
as formal firms in Rwanda.® Throughout the paper I focus on the three main Works sectors —
Buildings, Roads and Bridges, and Drinking Water Supply —, which constitute 90% of all tenders in
my sample.

A Works tender proceeds through a sequence of steps recorded in my data. The PE advertises
the tender—divided, where appropriate, into lots—on Umucyo, Rwanda’s electronic procurement
platform, which the RPPA launched nationally in 2017. Umucyo covers roughly 85—90 percent of
public tenders; the remainder are tendered offline and are not observed in my data. Firms submit
sealed bids, alone or as part of a joint venture (JV) consisting of several firms. Bid evaluation
proceeds in two stages: first, bids that do not meet administrative and technical responsiveness
criteria are disqualified. Second, among the qualified bids, the contract is then awarded to the
lowest evaluated price. After award, the winning firm signs a contract specifying a final contract
value and a start and end date. Subsequent changes to value or duration are recorded as contract
amendments. During execution, the firm files an invoice upon completing each portion of the works,
the PE certifies the invoice, and payment is released. At the moment of payment, public institutions
withhold Value-Added Tax (VAT). This institutional feature underlies my measurement of contract
execution, and I return to it below. The RPPA additionally maintains a public blacklist of firms
which commit serious breaches of contract and are fined or barred from future tenders.

Three features make this setting well suited to studying quality screening. First, electronic pro-
curement records track the near-universe of Works tenders from advertisement through amendment.
Second, tax records can be used to measure when firms actually paid for Works contracts. Third,
experience-based eligibility rules that govern market access are public, and can be estimated using
the first and second components. I now turn to these rules, which create the supplier categorization

system.

Supplier Categorization System Since 2014, public procurement of infrastructure (Public
Works) in Rwanda uses a formal category system to determine firm eligibility for each tender. In
conversations, high-level RPPA officials described two objectives for the categorization policies.
First, to mitigate delays and project abandonment of large and complex projects by firms without
the capacity to complete them. Second, to reserve smaller projects for small and medium firms to
grow and gain experience. The advent of electronic procurement in 2016-17 in Rwanda facilitated
the widespread adoption and accurate application of the categorization system by every PE, as well
as stringent enforcement of firm eligibility criteria. The system is generally seen as a success within

the RPPA, although questions remain about the degree to which it encourages firm growth due to

refers to auctioned projects as tenders rather than lots when the distinction is immaterial.

5This share includes subsidiaries of multinational firms owned (or partially owned) by foreign firms. Unfortunately,
my data does not include ownership information, so I am unable to accurately distinguish between foreign and
Rwandan firms.



low rates of firm promotion.

The categorization system classifies tenders and firms. When advertised by the commissioning PE,
each tender is assigned to an ordered category (A > B > C > D > E > F') based on the project’s
engineering cost estimate (ECE). Given an ECE, the classification is automatic through the electronic
system, unless in rare occasions where the PE official requests an alternative categorization.” In
these cases, the PE must submit justification their alternative categorization and the RPPA must
approve it. On the other side of the market, firms are also classified in categories (also A to F').
When registering on the Umucyo system to compete for public procurement tenders in a given
sector (e.g., Buildings), a firm can request to be categorized in A, B,C, D, or E, or will be placed
in category F' by default. The RPPA’s decision to approve firms’ categorization requests is based
on four criteria for which the firm must submit documentation: 5-year previous revenue, number
and value of previously executed public contracts, owned equipment, and permanent professional
staff hired at the firm. Moving up the category ladder requires meeting higher thresholds on every
margin. The requirements for a given category are broadly similar across sectors. Appendix Table 6
reports the turnover and past executed-tender requirements for the three sectors studied in the
paper. During the sample period, categories D and E required one executed tender, while categories
A-C required two, each worth at least 60 percent of the prospective tender value (Rwanda Public
Procurement Authority, 2014). 8

The category system determines bidding eligibility. During the sample period studied in this
paper (2016-2023), a firm could bid for tenders in its own category and up to two categories below.
For example, a category B firm could bid for projects in categories B, C, and D. The eligible set for
a lot is determined by the lot category and each firm’s registered category at the time of bidding.’

Eligibility is sector-specific, and firms are categorized separately for each sector they register in.

A firm may hold one category in Buildings and a different category in Roads and Bridges.

2.2 Data

I use administrative records from two institutions. From the RPPA, I use the records of its electronic
procurement platform, Umucyo, for the period September 2016 — October 2024: the procurement
records, covering advertisement, bid submission, evaluation, award, contract signing, and contract
amendments, and the categorization request records. From the Rwanda Revenue Authority (RRA),
I use VAT declaration data covering 2013-2024, from which I recover a firm-quarter measure of
government payments, as described below.

The two sources are linked by firms’ Taxpayer Identification Numbers (TIN). The procurement

records define the auctions, eligible firms, signed commitments, and contract schedules; the VAT

"For instance, if the project is more complex than the ECE suggests. Miscategorization in either direction occurs
for 3.9% of projects in our sample.

8In Roads and Bridges, categories A and B are subdivided into A1/A2 and B1/B2, respectively; I collapse these
into A and B for simplicity.

°In October 2023 the cross-category rule was tightened. Firms could continue to bid for tenders in their own
category, but to bid in lower-category tenders, they must joint venture with a firm in the tender’s category.



records define the realized payment timeline. I supplement these with Rwanda’s Open Contracting
Data Standard (OCDS) records for 2016-2024, which identify public contracts, supplier IDs, contract
dates, and contract values after the tendering process. I use the OCDS records to identify the
non-Works (Goods, Services, and Consulting) contracts held by the Works firms in my sample and

to net the associated payment flow out of the VAT measure of Works execution.

2.3 RPPA Procurement Records

Between June 2016 and October 2024, Umucyo records 2,211 Works tenders (2,493 tender-lots).
The RPPA Umucyo data represents the near-universe of procured Public Works tenders during the
sample period. For each tender, Umucyo records the tender notice, tender lots, submitted bids,
bidder identities, technical evaluation records, selected winners, signed contracts, and amendments.
The three sectors named above collectively make up 90% of projects: Buildings (60%), Roads and
Bridges (16%), and Drinking Water Supply (12%). I restrict the sample to projects awarded through
low-price sealed-bid auctions (National or International Competitive Bidding), consisting of 85% of
lots. After these sample restrictions, I retain valid bids submitted by lead bidders and joint-venture
partners. A contract is signed after about 90 percent of auctions.'®

From the raw procurement records I construct a tender-lot-bid panel. For each tender-lot, the
panel links project characteristics (sector, engineering estimate cost), the procuring entity, bidder
(anonymized) TINs, bid prices, joint venture members, evaluation outcomes (disqualifications),
selected winner, signed contracts, contract value, contract start and end dates, and contract
amendments. To this panel, I link the bidder’s registered category at the time of bid submission, as

described below.

Firm Category Histories I construct firm-sector category histories from firms’ category requests
submitted to the RPPA. The records identify the firm TIN, request and response dates, sector,
requested category, and approval decision. I convert approved requests into a monthly running
category for each firm-sector, which I use to assign bidder eligibility at the bid date and to measure
category upgrades. Appendix Table 7 shows that category eligibility requirements are followed
during my sample period: 99.5 percent of bids come from firms in the tender category or no more

than two categories above it.

2.4 RRA VAT Declarations and Government Payments

While the RPPA data contains detailed information from tender advertisement to tender award,
it does not contain detailed information about contract execution. Because payment follows the
certified-invoice process described in Section 2.1, government payments trace realized execution.
To measure the speed of contract execution, I therefore use data on government payments to firms
from Value-Added Tax (VAT) declarations from 2013-2024. Public institutions retain 18 percent

'%Some tenders are closed without a winner being selected. In a small number of cases, a winner is selected but no
contract is signed.



VAT on taxable supplies under public tenders, and the retention is automatically recorded when
firms file VAT declarations. I measure government payments to firms from the VAT retained by
public institutions (Rwanda Revenue Authority, 2025), and construct VAT-implied government

payments for firm ¢ in quarter ¢ as

VAT retained by public institutions,,

Ytot —
i 0.18

Firms file VAT monthly or quarterly, depending on firm size; I aggregate monthly filings to the
quarterly payments. I am able to match 98% of unique bidders in the procurement dataset to the

VAT data. This yields a firm-quarter panel of government payments from all sources.

2.5 From Payments to Execution and Experience

Allocating payments to the Works portfolio. The VAT payment data record the total
payments across all contracts in each time period; they do not identify the contract associated with
each payment. It is common for firms to have multiple ongoing contracts: in more than half of
firm-quarter pairs in which a firm has an ongoing Works contract, the firm also has another Works
or non-Works contract. I therefore combine the VAT data with the timing and value of observed
Works contracts from Umucyo to construct a firm-level measure of payments attributable to the
Works portfolio.

I describe this process in detail in Appendix A.2. In summary, I construct the total amount of
government payments by firm-quarter from all sources and subtract from it the payment amount
that cannot be attributed to Works contracts. To measure this share unattributable to Works, I use
the value of non-Works contracts from OCDS records, and impute the value of offline tenders that I
do not observe in my data.'’ A firm’s open portfolio in a quarter is the value of Works contracts it
has not yet been paid for, i.e., its backlog carried over from the previous quarter plus the value of
new Works contracts awarded to it that quarter. Payment for Works contracts is defined as the full
remaining amount, up to the value of the firm’s open portfolio. In each period, the value of Works
payments reduces the portfolio; whatever remains unpaid carries over as the next quarter’s backlog.

Among the 4,674 firm-quarters with open portfolios, Works payments are positive in 44 percent.

Conditional on a positive payment, the median is RWF 32 million and the mean is RWF 225 million.

Portfolio execution and experience. For firm-quarters with an open portfolio, I measure
quarterly portfolio clearance as Works payments received in the quarter divided by the open portfolio.
It ranges from zero, when none of the portfolio is paid that quarter, to one, when all of it is. As
firms clear their portfolios they accumulate paid experience, the cumulative value of Works payments

they have received. Firms’ promotion up the category ladder depends on the total value of paid

" The value of unaccounted payments changes measured Works payments in only 15.6% of quarters when firms
have active Works contracts. Moreover, it affects relatively few firms: setting unaccounted payments to zero would
increase attributed Works payments by RWF 106.5 billion, but five firms account for 81% of this difference.

10



experience. Across firm-quarters with an open portfolio, paid experience has a median of RWF 37

million and a mean of RWF 753 million; over the panel, firms accumulate RWF 462 billion of it.

2.6 Validation

I validate the measure of YW as payment completion using independently collected project reports
submitted by third party firms hired to supervise the contract execution and approved by the
procuring entity. A field team collected and coded available project reports and handover documents
for 196 tenders. Among these, 124 contracts contained a dated final report in the relevant sectors:
67 are Buildings, 22 are Roads and Bridges, and 35 are Drinking Water Supply. While this sample is
selected based on report availability — projects are larger and recent — they provide an independent
measure of project completion and delays that is useful to validate the main measure using VAT

payments data.

Completion and payment timing. VAT payments are positively associated with project
completion. Among 108 contracts for which both reported completion and contemporaneous
payment clearing are observed, a 10 percentage point increase in reported physical completion is
associated with a statistically significant 5.1 percentage point increase in cumulative YV, conditional
on contract value, scheduled duration, sector fixed effects, and report-year fixed effects (Appendix
Table 5).

For a small sample of 11 contracts, the timing of the firm’s other contracts allows us to attribute
payments directly to the focal project. Median cumulative payment rises from 24 percent of contract
value in the final-report quarter to 100 percent one quarter later, when 6 of the 11 projects are
fully paid. By then, nine have received at least 70% of the value. Although the sample is small
and potentially selected, this pattern suggests that payments follow documented project completion

relatively quickly (Appendix Figure 12).

Delays. I measure delays by comparing the report date with the contract’s scheduled end date.
Among 121 contracts for which we collect report dates, delayed contracts are 13.3 percentage points
more likely not to have reached 90 percent payment one quarter after the scheduled end date
(standard error 9.5 percentage points). This coefficient is positive, as expected, but not statistically
significant (Appendix Table 5). Taken together, the results support interpreting YV as a measure
of payment clearing that is associated with physical progress but follows documented completion

with a lag.

3 Empirical Evidence

This section presents three facts about project execution and market access in Rwanda’s infrastructure
public procurement market. First, payments on public Works contracts frequently lag behind their

scheduled timeline, and some contracts remain unpaid well after their scheduled end. Second,

11



portfolio clearing speed differs persistently across firms: performance in a firm’s first three observed
quarters predicts its subsequent payment clearing. Third, the category ladder converts experience,
i.e., completed projects, into access to larger tenders. Paid experience predicts promotion, higher
categories contain larger projects, and firms win larger contracts after promotion. Taken together,
these facts motivate a model with persistent firm types, backlog, accumulated paid experience, and

category-dependent market access.

3.1 Fact 1: contract execution delays are pervasive

To measure delays, I use data on the realized contract payment amount and timing (from the VAT
data) and the scheduled payment end date (from the procurement contract data). In Panel A of
Figure 1, I plot the scheduled payment timeline assuming payments were equally spaced over the
contract duration, and compare it to the realized payment timeline. I do this for both the portfolio
and the project-attributable samples, which yield nearly identical results. The graph illustrates
that, by the scheduled contract end date, firms have received approximately 54 percent of contract
value, 74 percent two quarters later, and 82 percent after eight quarters.

However, the average payment timeline hides significant delays and project non-completion.
Panel B reports the share of contracts or portfolios that have reached full payment. At the
scheduled end, only 22 percent of project-attributable contracts, and 20 percent of portfolios, are
fully paid. The shares rise to 50 and 47 percent after two quarters, and to 65 and 64 percent
after eight quarters. Almost one-third of portfolios are not fully paid, highlighting that delays
are not driven only by small unpaid balances on otherwise completed portfolios. These facts sug-

gest that public procurement contracts in Rwanda suffer from substantial delays and non-completion.

Figure 1: Payment clearing around the scheduled end
A. Scheduled execution and payments B. Full payment after scheduled end
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Notes: Panel A reports cumulative scheduled execution and VAT-implied payments relative to the scheduled
end. Panel B reports the share of contracts or portfolio episodes that reach full payment. The sample
contains 206 project-attributable contracts and 382 portfolio episodes. Shaded bands are 95 percent
confidence intervals clustered by firm.

12



3.2 Fact 2: portfolio completion speed is a persistent firm characteristic

I next ask whether portfolio completion speed contains a persistent firm component by testing
whether firms’ completion rate in its first few periods predict its later outcomes. For each firm,
I construct a completion score from its first three quarters with outstanding work (i.e., positive
backlog). I first residualize the quarterly backlog clearing rate on the value of work available for
payment, new awards, the number of active contracts, and calendar quarter fixed effects. I then
average these residuals within firm, shrink the average toward the sample mean, and standardize it.
Panel A of Figure 2 shows that the score has wide dispersion across the firms that win at least one
contract.

Panel B shows that the (predetermined) completion score predicts several future clearing
outcomes relatively far into the future. A one-standard-deviation higher predetermined score
predicts a 10.4 percentage-point higher clearing rate in later quarters. The estimate remains 8.7
percentage points at least four quarters after the score is fixed, and the probability of positive
clearing is 7.8 points higher. In the project-attributable sample, the same score predicts a 7.4-point
higher project clearing share and an 11.7-point higher probability of full payment by eight quarters
after the scheduled end. The persistence across time and across subsequent contracts is suggestive
of heterogeneity in firm-level execution quality.

I provide further evidence that execution speed is largely a firm-specific attribute by testing
where variation in quarterly portfolio clearing comes from. In Appendix Table 9, I report results of
regressions of firm-quarter-level backlog clearing rates, where I progressively add controls to assess
the change in adjusted R2. Calendar quarter fixed effects alone produce an adjusted R? of 0.034.
Adding the size and composition of the firm’s active portfolio raises it to 0.145. Procuring entity
composition and the procuring entities’ prior completion performance only raise the adjusted R?
only to 0.149. Observable measures of firm size and experience raise it to 0.193, while firm fixed
effects raise it to 0.431. Thus, workload and observable firm characteristics explain some clearing
variation, but buyer characteristics explain little; the remaining variation contains a substantial

firm-specific component.

3.3 Fact 3: the category ladder converts completed experience into access

Because contracts are awarded through first-price auctions, execution delays and project non-
completion are not used directly in bid evaluation and award. Appendix Table 10 shows that the
portfolio clearing component does not predict bid disqualification. It also does not predict award
conditional on qualification and bid rank.

However, project completion is crucial for determining a firm’s future eligibility through the
category ladder. As described above, a firm’s category determines the size of tenders for which a
firm is eligible.!? Promotion therefore changes the set of projects available to the firm in the future.

To examine how completed experience translates into future eligibility, Figure 3 plots next-quarter

12The restriction binds in the data: 99.5 percent of classified bids in Buildings, Roads and Bridges, and Drinking
Water Supply satisfy the rule that firms bid in their own category or up to two categories below it (Appendix Table 7).
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Figure 2: Predetermined clearing and subsequent execution
A. Predetermined clearing component B. Subsequent execution

Future clearing rate

30
Clearing rate, 4+ quarters later | —e——
i
i
'
'
20 '
Positive clearing 1 —_——
'
'
i
'
'
L
0 Project clearing share !
'
'
i
i
I I I I Fully paid by end + 8 quarters |
0 | —— - . .
! '
-2 -1 0 1 2 3

0% 5% 10% 15% 20%
Predetermined clearing component (standard deviations) Change per one SD higher predetermined clearing component

Firms

Notes: Panel A plots the standardized, empirical-Bayes-shrunk mean residual clearing rate in each firm’s
first three positive-backlog quarters. The sample contains 319 firms; the dashed line marks the mean.
Panel B reports the change in subsequent outcomes associated with a one-standard-deviation higher score.
Bars are 95 percent confidence intervals clustered by firm.

promotion against cumulative paid Works experience, P;;, measured relative to the category- and
sector-specific value requirement. Promotion rises smoothly with paid experience. This pattern is
consistent with left-censored pre-Umucyo and offline experience, as well as other statutory promotion
requirements.

I provide further evidence of the value of experience for upgrading by comparing observably
similar firms that apply for a category promotion in the same quarter. Within request-quarter-by-
sector-by-origin-by-target cells, and controlling for firm age, prior Works contracts, and prior category
requests, applicants whose measured paid Works experience meets the stated value requirement are
10.3 percentage points more likely to be approved (Appendix Table 8).

Promotion expands access to larger tenders. Panel A of Figure 4 plots engineering estimates
across the ladder. The median tender rises from RWF 30 million in category F to RWF 3.26 billion
in category A. The increase is monotone across categories and is two orders of magnitude larger at
the top than at the bottom of the ladder.

Firms use the additional access from category promotion. Within the same firm, Works sector,
and fiscal year, tenders pursued after an observed category upgrade are 73 percent larger, and
winning tenders are 80 percent larger. Panel B plots the corresponding coefficients. Project size is
stable over the quarters immediately before promotion and rises when the firm is first observed in
the higher category.

Accordingly, category progression is mostly upward: 20.9 percent of the 465 firm-sector pairs in
the sample of regular bidders move to a higher category, 78.3 percent remain in the same category,

and only 0.9 percent move down (Appendix Figure 14).
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Figure 3: Paid experience and category promotion
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Figure 4: Category promotion and access to larger projects
A. Tender value across categories B. Project size around promotion
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year fixed effects. Bars are 95 percent confidence intervals clustered by firm.
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3.4 Mapping the evidence to the structural model

The three facts describe the RPPA’s indirect screening mechanism. Firms differ persistently in their
execution speed. While execution speed is not used directly in awarding contracts, it does determine
how paid experience accumulates. Paid experience then translates into category promotion, which

opens access to larger tenders and potentially increases firm revenue:
firm type — backlog clearing / project completion — paid experience — category promotion — access to lai

Therefore, the category system can select firms with faster project execution into larger markets
without requiring the government to observe their type directly.

The empirical evidence motivates three features of the model. Firms carry a stock of backlog,
which rises when they win contracts and falls as payments clear. Firms differ in persistent execution
speed, represented by type 6;. As firms clear unfinished work, they accumulate paid experience Pj,
which affects their probability of upgrading categories and hence the tenders they may participate
in.

These facts describe how firms progress through the category ladder, but do not show how the
ladder affects bidding. In particular, the descriptive evidence cannot separate construction costs
from static markups and the continuation value of future market access. I use the structural model
to make this decomposition and to quantify the tradeoff between screening firms through eligibility

and increasing procurement prices by restricting competition.

4 Model

4.1 Overview

The model is based on the cannonical dynamic auction model of Jofre-Bonet and Pesendorfer
(2003), and its moment-based formulation in De Silva et al. (2023). Firms participate repeatedly in
first-price procurement auctions, winning adds backlog, and bids reflect the continuation value of an
award. I extend these models to capture key features of my setting: I add unobserved and persistent
differences in firm execution following Arcidiacono and Miller (2011), and a category ladder that
conditions future tender eligibility on past paid experience. These features allow me to quantify
how the category ladder screens execution types against the loss of competition from restricting
eligibility.

In each period, a firm’s category determines the tenders for which it is eligible. Firms differ
in a permanent private type 6; € {H, L}, which governs their speed of project completion. As
backlog clears, firms accumulate paid experience and may move up the category ladder. Execution
is stochastic conditional on type and state; firms do not choose execution effort. The RPPA category
promotion policy and firms’ participation policies are exogenous and assumed to be known by all
firms.

Conditional on participation, firms draw private costs and optimally choose their bids. When
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choosing their bid, firms trade off current-period profits, which depend on their costs and competition
in that auction, with the net continuation value of winning, which enters the bid as a dynamic
markdown. Winning a contract has opposing dynamic effects: it adds backlog, but completing a
project expands the firm’s future market access. High-type firms complete projects and accrue
experience faster than Low-type firms, so, in general, they have larger dynamic value of winning.
Firms know their own type, but the RPPA and rival firms do not observe it. In the each auction,
firms observe the identities of participating rivals and each rival’s public state. They form beliefs
about rival types by integrating over the type distribution in each category, rivals’ public states,
and the participation policy. When forecasting future competition, firms do not track the full
distribution of rival states. Instead, each firm tracks its own public state and a set of aggregate

moments that capture competition in each of the categories, as in De Silva et al. (2023).

4.2 Environment
4.2.1 Firms, Tenders, and Eligibility

Time is discrete and measured in quarters, t = 0,1,.... The set of active firms in quarter ¢ is Z;.
Public works are divided into sectors m € M, where M = {Buildings, Roads, Water}. Registration
categories are

K={F,E,D,C,B,A},

ordered from F (lowest) to A (highest); define R(A) =1,..., R(F) = 6, so higher categories have

lower ranks. Registration is sector-specific. Firm i’s category portfolio is
Kit = (Kim,zt : m € M),

where @ denotes an inactive sector. Observed entry into a new sector is included in the estimated
category transition; Appendix C.3 describes its treatment.
Tender-lots, henceforth projects, are indexed by ¢. A project arriving in quarter ¢ has public

characteristics

Xt = (mfa kf? 20y qf)v

where my is the sector, k; the tender’s category, zy the engineering cost estimate (ECE), and ¢,
other tender characteristics.

Projects arrive exogenously. In each quarter, the number of new projects in tender category
k is a Poisson draw with intensity Mg, and each arriving project’s characteristics x, are drawn
independently from a category-specific distribution Gz, i.i.d. across projects and quarters and
independent of firm states and of the aggregate state.

For a project £ in sector m = my, firm ¢ is eligible if it is active in m and the project lies in its

category or no more than two categories below it:

Qier = H{Kimys # D, 0 < R(ke) — R(Kim,) < 2} (1)
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The realized set of firms eligible for project ¢ is denoted &y = {i € Z; : Qi = 1}.

4.2.2 Individual and Aggregate States

Firm ¢ has permanent execution type
b; € {Ha L}a

where type H has a stochastically higher quarterly clearance distribution. The realization of 6; is
private to the firm; neither its rivals nor the government observes it.
A firm’s individual state is
sit = (Kit, Bit, Wit) (2)

where Bj;; is the total value of Works projects that remains to be completed, and W is cumulative
awarded Works value. Paid experience, the total value paid to the firm for its completed Works
projects, is

Py = Wi — By, (3)

Rivals’ current states are observed and used in the current auction. To forecast future competition,
firms summarize the distribution of rival states by an aggregate state sy, which captures the intensity
of competition in the different categories to which they can upgrade. This moment-based state
replaces the full distribution of rival states when firms evaluate future competition (De Silva et al.,
2023).13

Each firm therefore tracks (s;, §¢), conditional on its fixed type 6;.

4.2.3 Industry Entry and Exit

The active set Z; evolves through exogenous entry and exit. Entrants draw initial states and
permanent characteristics from an exogenous distribution that may depend on §;. An incumbent
survives with probability 1 — ((s;, S¢), which depends on its public state and the common state.
Exit is absorbing and yields no current payoff, continuation value, or scrap value. The value function

is measured before the survival draw.

13Section 5 and Appendix C.4.3 give the construction and law of motion of the aggregate state
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4.3 Within-Quarter Timing

1. Survival 3. Participation 7.
and entry entrant sets 5. Awards Category review
incumbents exit Jer drawn from lowest bid wins; RPPA sets
w.p. ((sit, 5¢); en- the participa- winner’s Bi, Kit+1 from
trants draw states tion function Wi update paid experience
| 3 ° ° o o o . —
quarter t 2. Tender 4. Costs 6. Execution quarter t+1
begins arrivals and bids clearance share &;; begins
projects x¢ and private costs sets Bitt1, Pitt1
eligible sets &gt Cigt; bids bigt

4.4 Execution, Backlog, and Payment Experience
4.4.1 Quarterly Clearance Distribution

Let
AWy = > 2 (4)
LeW;
be the VAT-exclusive signed-contract value of projects awarded to firm ¢ in quarter ¢, where 2§ is
contract ¢’s signed value net of VAT. These equations describe the realized states. When evaluating
a prospective award at the bidding stage, its signed value zj is not yet observed. The model’s
win-lose transition therefore uses the project’s VAT-exclusive engineering estimate zy as a proxy for

14

the award increment.* The stock of work that can be cleared is

Xit = Bi + AW, (5)
For X;; > 0, the clearance share is
Yii
P (- 0, 1 s 6
glt Xz't [ ] < )

where YJV is VAT-exclusive Works payment capped at X;;. Quarters with X;; = 0 are outside the
execution risk set.

Conditional on permanent type and post-award stock,
Eit ~ Fe(- | Xig, 0;). (7)

Since the clearance distribution can depend on Xj, the clearance share may vary with the backlog
amount; so, all else equal, a firm with more backlog may clear a lower share in each period. For a

common stock, type H has a stochastically higher clearance share:

Fe(x | X,H) < Fe(z | X,L) for all z € [0,1]. (8)

141ike prior papers, I rule out dependence of the backlog on the selected bid.
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Execution type changes how quickly a given award becomes paid experience; high-type firms clear
work faster. In the empirical implementation, I parametrize the distribution to allow for no payment,
partial clearance, and full clearance in each period. Section 5 gives its parametrization.

4.4.2 State Transitions

The continuous states evolve as

Bity1 = (1 — &) (Bi + AWy), (9)
Wit1 = Wi + AWy (10)

Paid experience accrues as the firm completes new work:
Pijs1 = Wigr1 — Bigp1 = P+ (B + AWa) = Py + Yy (11)

Faster execution reduces next-period backlog and increases paid experience by the same amount.
Because promotion depends on paid experience, the transition links execution type to future
eligibility.

The category transition occurs after quarter-t execution:
Kit+1 ~ (- | Kit, Pigy1). (12)

Thus k4 governs eligibility in quarter t. Work completed during the quarter first affects eligibility in
quarter t + 1. As described in Section 5.2, the kernel is estimated from observed category histories
and held fixed in the firm’s problem. It does not condition directly on 6;; type affects category

progression through paid experience.

4.5 Auction Participation

In each quarter, each firm may be eligible to participate in multiple tenders. At the auction stage,
for each eligible firm—project pair, let a;; = 1 if firm ¢ submits a bid for project £ in quarter t.

Participation follows the exogenous policy
aier ~ Bernoulli (ag, (¢, Sit, 5t)) , 1€ Ep (13)

which conditions on project-level observables, the firm’s individual state, and the aggregate state.

For each project, the realized entrant set is Jp = {i € Epy = ajor = 1}.
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4.6 Construction Costs and Bidding

Private Construction Costs Conditional on participation, firm ¢ observes a private project-

specific construction cost distributed as

ciot ~ Fe(- | xe, sit,0:) - (14)

Here x; = (muy, ke, 2, qe) and sy = (Kit, Bir, Wit), with relevant category kim, and paid experience
Py = Wy — By Conditional on (xy, sit,0;), cost draws are independent across firms, projects, and

quarters.

Information in the Current Auction For the remainder of this subsection, set m = m, and let

WH k., denote the population share of type-H firms in rival j’s category x in sector m at time ¢.

Assumption 1 (Auction information). In each auction ¢, bidders compete in a first-price sealed-bid
auction, where the lowest bid wins. Fach firm observes its own (0;,ciet). Entrants observe xy, the
entrant set Jy, and each rival’s public state sj;. Rival types and drawn project costs are unobserved.
Conditional on rivals’ qualification categories, firm types are independent, and category is sufficient

for the pre-participation belief:
P(0; = H | Kjmts Sjts Xt: 5t) = WH ey - (15)

Type-specific participation and bid policies may depend on public states.

The assumption rules out learning about type from public states beyond category before
participation, while allowing those states to affect behavior (Backus and Lewis, 2025).

Because the two types participate at different rates, observed participation and rival states
provide information about the likelihood. Firms use Bayes’ rule to update their prior belief about

rival j’s type, given j’s participation and individual state, yielding the posterior belief w;:

WH ke OH (X0, St 5t)
WH ke OH (X0, Sjts 5t) + (1 = WH k0 ) 0L (X0, St 5t)

Wjey = (16)
Rival distributions. Using the observable information about rival bidders’ states and their belief
about rival types as in Equation (16), each bidder i forms beliefs about bids that each rival submits.
Let Fy j, fo,, and Fg,j = 1 — Fy; denote the equilibrium bid distribution, density, and survival
function of a type-¢ rival j, conditional on x¢, its observable state sj;, and the aggregate state; I
suppress these arguments below.'?

From #’s perspective, rival j’s bid has the mixture distribution

FJ(0) = @i Frrg (b) + (1 = @) Fi 5 (0), "

15The survival function is the probability that j bids above b; i.e., the probability that ¢ beats j with a bid b.
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and since this is linear in the distribution function, the density and survival function carry the same

weights:

&

FI(b) = Qe frj (b) + (1 — @je) fr5(b),
FP™(b) = 0o Fyj (b) + (1 — @jer) Frj (D). (18)

This mixed distribution governs i’s chance of winning, as described below.

Single-bidder auctions. In my setting, 39% of auctions have a single bidder. Similar to a
government reserve, I introduce a simulated rival firm that competes with the single bidder on these
auctions. This rival is never awarded the contract, but its presence enters the win probability and
the hazard as though it could. The simulated rival submits a bid based on a cost that is sampled
from the distribution of firm-states in that category. While strong, this assumption allows win

probabilities and hazards to remain well-defined for all auctions in the sample.

Winning probability and the i’s hazard. When facing rival bidder set Jy;, bidder ¢’s probability
of winning with bid b is
G| T = ] Fro). (19)
JeTu\{i}
Let firm ¢’s hazard, the proportional rate at which ¢’s probability of winning falls as ¢ raises its
bid, be

_0logGi(b | Ju) _ Z fJLX(b) (20)
b . | Fmix(p)”
Je€Tee\{i} 7

Hi(b | TJn) =

This hazard determines firm ¢’s competitive environment in project £: it rises with each additional

rival.

4.7 Dynamic Problem, Bidding, and Equilibrium

Value Function In each period, I assume all tenders are released simultaneously. For each bidder
i, I consider each auction separately, conditional on the firm’s state at the auction stage, as in the
separable benchmark of Gentry et al. (2023). This assumption makes the quarterly flow payoff
additive across a firm’s auctions. Since the state is measured at the beginning of the quarter, all the
firm’s bids within the quarter are evaluated at the same state. 6

Let Vg, (sit, 5¢) denote firm i’s beginning-of-quarter value. At the equilibrium bid policy, the

random set W;; contains the projects awarded to the firm in quarter ¢t. Because value is measured

161 estimation, the assumption bites in quarters where a firm participates in more than one auction — 44% of
bidding firm-quarter pairs in the data.
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before survival is realized, it satisfies

Vo, (sit, 5t) = [L = ((sit, SOIE | D (bier — cine) + BVa, (Sip41, Se41) ] Sit, 55 9¢] : (21)
LEW;t

The firm exits with probability ((s;, 5;) and obtains zero scrap value.!'” Conditional on survival, the
expectation integrates over tender arrivals, participation, private costs, rival bids, awards, clearance,
category transitions, and the law of motion for 5;. Entry and rival exit affect the firm through the
aggregate state. The transition to s; ;41 follows (9)—(12); in particular, an award adds to backlog

before execution and expands eligibility only after it has been completed and paid.

Continuation Value of Winning and Optimal Bids. Consider a project £ for which firm 7 is
bidding. Let sfvgil and siofjl denote the next-period states when the firm wins and loses project
£, respectively. The two states differ only in the focal award: winning adds z; to backlog and

cumulative awards before clearance. The continuation gain from winning is

Dot = D(sit, xe, 5¢305)

= BE Vei(Sﬁip 5i41) — Vei(sftsil,gtﬂ) | Sits X0, 5505 - (22)

The expectation in (22) integrates over clearance, category transitions, and the law of motion for sy,
which are common to both states. Winning may accelerate the accumulation of paid experience and
category promotion, but it also raises backlog. Because the prospective transition approximates the
award increment by zy, rather than by the bid or the signed contract value, and a single auction
does not change the perceived law of motion for sy, D;p is fixed with respect to b.

Conditional on the entrant set and the public states of its rivals, the terms in (21) that depend

on firm #’s bid in project ¢ reduce to
Gi(b | Jer) [b — ciee + Dint] s (23)

where G;(b | Jt) is as in Equation (19). The full derivation is presented in Appendix D.2. Using
the bid hazard in (20), the necessary First-Order Condition that the bid must satisfy is
b + _ D (24)
e _ :
e H;(bior | Tot) L
—_————

static markup

dynamic markdown

The first term above cost reflects current-auction competition. The second reflects the effect of an

"In principle, this normalization is not innocuous, and may bias estimation of other primitives (Aguirregabiria
and Suzuki, 2014). Furthermore, some counterfactuals (those that change firms’ choice sets or the environment’s
transition structure) are also not identified without knowledge of the scrap value level (Kalouptsidi et al., 2017, 2021).
In practice, the normalization is likely to be second order in this setting. Firms that exit almost always continue filing
taxes with positive sales in the private market, meaning exit from the procurement market means redirecting capacity
towards private market activity rather than firm death.
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award on backlog, paid experience, and future eligibility. Equivalently, construction cost is recovered

from
1

Hi(biet | Tur)

Equation (24) is the link between the model’s dynamic mechanism and observed bids (Jofre-Bonet

ciet = bior + Dy — (25)

and Pesendorfer, 2003; De Silva et al., 2023). As is standard in first-price settings, I assume each
firm’s bid is strictly increasing in its private cost draw, conditional on its type and state (Guerre
et al., 2000; Athey and Haile, 2007), so that (25) maps each observed bid to a unique cost, given

the estimated hazard and continuation value.

Equilibrium A Markov perfect equilibrium would require each firm to track the state of every
active rival in each period; the large number of active firms (almost 400) makes this solution concept
computationally infeasible. Following De Silva et al. (2023), I instead use the moment-based Markov
equilibrium of Ifrach and Weintraub (2017), which builds on related large-market solution concepts
in Weintraub et al. (2008) and Weintraub et al. (2010), which approximates the Markov perfect
equilibrium. Firms condition on the exact entrant set and rivals’ public states in a current auction,

but use §; to forecast future competition.

Definition 1 (Moment-based equilibrium). Fix the exogenous policies: the RPPA category promotion
kernel, the auction participation policy, and the entry and exit processes. A moment-based equilibrium
in bids consists of type-symmetric bid functions and value functions, firm-specific type beliefs (within

auctions), and a perceived law of motion for 3, held by all firms, such that:

1. in each auction, each firm that submits a bid maximizes (23), given the realized entrant set,

rivals’ public states, and beliefs over rival types;
2. value functions satisfy (21) under the fized policies and the perceived law of motion;

3. beliefs over rival types follow Bayes’ rule from the category-specific type shares and the participation
policy, as in (16), and beliefs over rival bids are given by type mixtures (18) implied by equilibrium

bid policies; and,

4. the perceived law of motion for the aggregate state §; is consistent with the law induced by the

fized policies and firms’ equilibrium behavior.

5 Implementation and Estimation

In this section, I describe how I construct the estimation sample and estimate the policy environment.
I then describe how I estimate the model in two stages. I first estimate the policy environment,
permanent execution types, and type-specific execution, participation, and bid policies. In the second
stage, these objects determine auction hazards, static markups, and the transition policies used
to compute continuation values. Because continuation values are computed from these first-stage

objects alone and do not depend on the construction cost parameters, I solve the value function
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once and then estimate those parameters from the bidding first-order condition without re-solving
firms’ policies for each candidate parameter vector. This procedure follows the two-step approach
to dynamic models in Hotz and Miller (1993); Bajari et al. (2007); Aguirregabiria and Mira (2007).

5.1 Sample Construction

I estimate the model on auctions conducted between September 2016 and October 2023. I define a
firm as regular if it submits at least two positive, qualified bids on distinct lots before November
1, 2023. A firm enters the sample if it is regular.!® This restriction yields a sample of 394 regular
firms — the main sample used for analysis. For participation, a regular firm enters the risk set for a
tender when it is eligible by category and has submitted a bid during the previous four quarters.
The resulting panel contains 116,894 firm—tender pairs. Regular firms represent 56% of all bidders
but 95% of all bids and 97% of all contracts won.

I restrict the auction sample to those in which at least one regular bidder competes, which
yields 1,319 tender-lots and 3,035 bids. Among these, 460 auctions have a single qualified bidder.
For rivals in the sample with an observed state, I evaluate the estimated bid policy at that state;
for other rivals, I use the corresponding category and type-cell bid distribution (12.1% of bids).
The project execution panel contains 13,440 firm—quarter observations for the 320 firms that win a
contract (the remaining 74 firms win no contracts).

The first stage estimates the execution, participation, and bid policies on this firm and auction
universe. The second stage then uses the same policies, states, and lot support to recover continuation
values and construction costs. All monetary variables used in estimation are expressed in nominal
VAT-exclusive Rwandan francs (RWF); where indicated, levels are rescaled to billions of RWF for

estimation.

5.2 States and Policy Environment

Firm and Aggregate States In each quarter, I observe the category vector, cumulative awarded
value Wy, and the current flow AW;; of Works contracts entering the portfolio. I construct backlog
B recursively from these commitments and the VAT-implied Works payment flow YZZV, and define
paid experience as Py = Wi — Bi." Quarterly commitments, backlog, and cumulative awarded
value are constructed from signed contract values and Works payments (from VAT data). By
construction, Py is also cumulative allocated Works payment.2®

The participation, bid, and promotion policies use versions normalized by the scale of the firm’s

18A lead bid is submitted by the firm itself rather than through a Joint Venture (JV). I exclude bids disqualified for
administrative, technical, or financial reasons.

197 initialize backlog using the estimated scheduled remaining value of contracts active at the beginning of the panel
and omit the first four quarters as a burn-in period. The ZOIB specification is estimated from the realized clearance
histories and propagates backlog in the value-function calculations and counterfactual simulations.

29Appendix C.1 gives the exact construction and its reconciliation with the payment data.
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category. For firm 7 in category Kin ¢ in sector m at time ¢, I denote

= B; 5 P
Bit(k) = S(/i)’ Pit(m, k) = T

)

(26)

where S(k) is the category capacity scale, measured as the median engineering estimate of category-x
tenders in all sectors, and 7}, , is the sector-category payment threshold. The numerators are firm
totals, while the denominators vary with the firm’s category.

The aggregate state summarizes the intensity of competition in each category using the number
of realized bidders. I define it by

gt:(nt7ntantant7nt)7 (27)

where ﬁ,’f is the mean number of qualified bidders per category-k tender lot, pooled across the three
Works sectors, during quarters t — 4,...,t — 1. Appendix C.4.3 provides the exact construction and

transition.

Industry Entry and Exit Firm entry is marked when the firm submits its first bid. At each
period, the set of potential entrants consists of firms that registered but have not submitted a bid.

Among the potential entrants, the quarterly entry hazard is

exp(u)

htE = A(PVEO + g;'}’E) s where A(U) = T}(p(u)

(28)
Entrants’ initial states and fixed characteristics are drawn from their empirical joint distribution
conditional on the aggregate state. Conditional on §;, all potential entrants share the same hazard,
so the number entering in quarter ¢ is Binomial in the number of potential entrants.

A share of active firms exit the market each period. Among active firms, the quarterly exit

hazard is
Git = Ayx0 + gx (sit) vx + 817xs) 5 (29)

where gx contains category indicators, log(1 + B;;), and log(1 + P;;). Exit is absorbing. In the
implementation, a firm is active from its first to its last observed bid and exits in the quarter of
that last bid, with the last four sample quarters treated as right-censored so that every assigned
exit is followed by at least four quarters without a bid.

Entry and exit are modelled as exogenous transitions rather than choices made by firms, so

these hazards are held fixed in counterfactuals. Appendix C.4.2 reports the estimated hazards.

RPPA Category Transitions I parameterize the transition of each sector component K, of
the joint category kernel in (12) using a promotion hazard and a destination distribution. For an
active sector m and current category K = K ¢, the policy evaluates the firm-level paid experience

stock against the requirements of that sector-category. After project execution realized in quarter

26



t — 1, the probability that a firm is promoted category in that sector is

P,
BE (P) = A| e + 80 1{Pye > 0} + fip 1og(1 ; Tt)] . (30)

This probability increases smoothly with paid experience. Conditional on promotion, the destination

rule assigns probability
PR | £y Piy1),  R(K') < R(k), (31)

to each feasible higher category. Firms moving from E-B are restricted to upwards changes of
at most two ranks; moves from F' are unrestricted. Moving to category A is an absorbing state.
Transitions into a previously inactive sector are included in the same category transition policy.
Note that while paid experience is not reset after promotion, its normalization does change with the
destination category, and the backlog state is also rescaled by S(k)/S(k’) at a category transition.
When computing the value of winning, a firm applies these sector-specific transitions to the full

category vector K;;.

5.3 First Stage: Execution Types and First-Step Policies

I assume each firm is one of two permanent latent types, H or L. I assume that firms’ execution,

auction participation, and bids depend on their type.

Execution For firms with outstanding work B;; + AW, = X4 > 0, I parametrize the distribution

of work completed in (7) as a zero-one-inflated Beta distribution:

P(é’bt == O ‘ Xit76i> - ( ’Lt)7
P& =11 &: > 0, X5,0;) = pig, (Xit)s

€t | 0 < & < 1, X, 0; ~ Beta(,ug 06, 11— 1§ (Xalo) (32)

'L

The Beta precision ¢ > 0 is common across types. I implement the three cases as,

logit pos (X)) = ao + ﬂoxzt —X1{0 = H},
logit Mgmt) &+ Bﬁ 5+ X1{0= H}, X >0, (33)

where .I‘t [log X;+ — log X]/sd(log X) is the normalized outstanding work. The coefficients BO,
Bl, and Bu allow the clearance outcomes to vary with the post-award stock X;;. Execution type
enters through the parameter A\* > 0, which lowers the zero-clearance probability and raises both
the full-clearance probability and the interior mean. This parameter restriction implements the

stochastic ordering in (8). 2!

211 also estimated a two-type Bernoulli specification based on indicators about whether quarterly payments met
scheduled progress. The main qualitative results were largely robust to this alternative execution process.
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Participation For project ¢, set m = my, and let AR;; = R(k¢) — R(Kim,) denote the category-
rank gap between the firm and the tender. With type L as the omitted category, the participation
policy is

IP(am =1 ’ 92‘) = A(dA + 6M1{"<0im,t = ke} + 5]\7[1{Him,t = kg}l- +0pA Ry + 5RA7R7;

same category category-rank gap

+ 5B§it(ﬁim,t) + 53&1 +dp log[l + ﬁit(m, liim’t)] + 5p10g(1 + ﬁ)z

backlog paid experience

485 + 0p1{0; = H}). (34)

I control for firm-specific mean terms (denoted with bars) to separate changes in a firm’s state from

persistent differences across firms (Mundlak, 1978).

Bids Let gigt = bypt/z¢ be firm i’s bid in project [ at time ¢ divided by the engineering cost estimate
of project [. Conditional on firm ¢’s private type 6;, this normalized bid is assumed to be drawn

from a type-specific Gamma distribution,

vy.

biss | 0; ~ Gamma | vy, —— |, (35)
g, (Xes Sits 5t)

where vy > 0 and the second argument is the rate, so ug is the conditional mean which depends
on project-level covariates, the firm’s individual state, and the aggregate state. For a vector :Ufa
containing the standardized normalized states (26), project scale, bidder count, calendar quarter,

sector indicators, and the aggregate state, I set
og g (X, Sit, 5t) G i ike T (z3er) Bos m=my. (36)

The intercepts vary by firm-category—tender-category cell. These bid policies recover the type-specific
densities and survival functions used in (18).
Firm Type Likelihood For firm i, let Df, Df, and Dj denote its execution, normalized-bid,
and participation histories. Conditional on type and the covariates in each component, the firm
likelihood is
Li= D wLiO)LIOLO). (37)
0e{L,H}
Appendix C.5.1 derives this factorization from the chain rule and the maintained Markov and
conditional independence restrictions.
Here wy = P(6; = 0), with wg = A(a®) and wy, = 1 — wgy. The firm’s type likelihood depends
on the product of three likelihoods: for project execution, auction participation, and bidding. Each

block is a product over that firm’s own observations. Collecting the three cases of (32) into a single
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product, The execution block depends on the product of the three cases of (32):

ﬁf(@) = H [Poe(Xit)} He [(1 — pO@(Xit))pIG(Xit)} Heeml)
teDf

1{0<&;r <1}
| . B)

X [(1 — poo(Xit)) (1 — pro(Xit)) f(&it; Mg( Xit)o, [1 - ug(Xit)]qb)

where fp is the Beta density, and the three components are as in (33). Letting 7, (0) denote the
index inside A(-) in (34), which differs across types only through the level shift dz, the participation
block is

@igs 1-ain
= IT ACma@)™ 1= Ama@)] (39)

(L,t)eDs

With by = big /z¢ and ug from (36), the Gamma density in (35) gives the bid block

1 Vo R v bigt
£h(9) = < ) b exp [ —— o) | 40
( ) H F(Ve) Ng(X%Sitagt) i Ng(XZaSihgt) ( )

(¢,t)eD?

Bids enter conditional on participation, so (39) and (40) together factor the joint distribution of the

participation decision and the bid it produces.

EM algorithm Instead of maximizing (37) directly, I use the Expectation—Maximization algorithm
in Arcidiacono and Miller (2011). It divides that procedure into two simpler steps, iterated to
convergence. The E-step fills in the missing type, computing for each firm the posterior probability
that it is type H given its complete history. The M-step then proceeds as if types were observed,
re-estimating each policy on a sample in which every observation appears once as each type, weighted

by that posterior. Assume iteration r has occurred; then, iteration r + 1 proceeds as follows.

1. Expectation step. Let
W = (aw7 1/]57 ¢b7 ,l/]a)
collect the parameters for the type share and the execution process, normalized-bid, and partici-

pation policies. Given ¥("), compute the posterior @y) for each firm. Because wy = A(a®), this

takes a log-odds form,

logit w( " 4 Z [lnﬁc H 1/16 " ) - lnﬁg(lﬁwc(r))}a (41)
ce{é;b,a}

so each block enters the classification of firm ¢ as an additive log-likelihood ratio, and a firm is

classified H when its execution, bidding, and participation records jointly favor H over L.

29



2. Maximization step. Given {@Zm}, choose U("1) to maximize

Qv | v Z Y ow [mwﬁlnci(e)+1n£§(9)+1n£g(9), (42)
=1 0e{L,H}

(r) _ () (r)

with w;; = w;"’ and w;;

=1- @ET). Because no parameter enters more than one likelihood
block, (42) separates into four independent maximization problems, which are solved in sequence

(Arcidiacono and Jones, 2003):
(a) the type share in closed form, wgﬂ) =Nl "
the execution parameters n , by weighted maximum likelihood;
b) th i Y& in (33), b ighted i likelihood

(c) the bid policy ¥ in (36), by weighted maximum likelihood within each firm-category-tender-

category cell;
(d) the participation policy ¥* in (34), by weighted logit on the eligible risk set.
In (b)—(d) each observation enters twice, once as type L with weight 1 — @m
H with weight @.".

and once as type

Posteriors are updated with a damping factor of 0.5, and iteration stops when the sup-norm

change is below 1072 in the posteriors and 2 x 1073 in the stacked policy vector.??

5.4 Second Stage: Auction Hazards, Continuation Values, and Costs

The first stage provides the type posteriors and the type-specific execution, participation, and bid
policies. In the second stage, I use these objects to construct the auction markup in each observed
auction, evaluate how winning changes a firm’s continuation value, and estimate the parameters of
the construction cost function. The policies remain fixed throughout this stage; I evaluate the value
they induce rather than re-solving firms’ participation and bidding policies for each candidate cost

parameter.

Auction hazards and markups. For each firm category, I construct the prior probability that a
firm is type H from the estimated posterior masses of firms observed in that category. Once a rival
is observed in the entrant set, I update this prior using the type-specific participation probabilities
n (16). I then evaluate the two conditional Gamma bid distributions at the rival’s public state and
combine their densities and survival functions using the type share conditional on participation in
(18).

The resulting estimated auction markup is denoted

1
T — (43)
" B | )

2Any U that raises Q(¥ | ¥(M) above Q(¥(™ | ¥(M) also raises the observed log likelihood (37), so each pass
weakly improves the fit.
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Rival identities are used to recover public states and qualification categories, but not realized types

or the econometrician’s posterior.

Construction cost specification. I parameterize construction costs relative to the engineering

estimate as

log z,
25

category and sector effects  project characteristics

City tend firm sec
20 = Q, + aﬂim[,t + X,y +

+ qgﬁc

+ pplog(1l + Bit) + pplog(l + Pit) + ppplog(1l + Bit) log(1 + Pit)

/

backlog and paid experience

+nal{0; = H} i, (44)
—_——

execution type

where backlog and paid experience are measured in billions of Rwandan francs. The vector gy
contains BOQ item count, advertised duration, procuring entity type, the lagged material price
shock, and missing-value indicators.

Let 9 collect the coefficients that enter the conditional mean in (44), and write its covariates as
zipt(0). Conditional on public state and type, €;it ~ N(0,0%,) independently across firm-—project

matches. Residual dispersion in costs may depend on project size:
logoipr = af + B (log ze — log z) . (45)

In a static auction, costs could be recovered by subtracting the estimated markup (43) from
firms’ bids. In our setting, the bid also reflects the continuation value of winning, which I recover as

follows.

Expected current profits. I compute continuation values under the participation and bid policies
estimated in the first stage. For each type and point on the (discretized) state grid, I integrate over
the tender categories for which the firm is eligible. The arrival intensity Ax is set to the average
number of category-k lots per quarter in the estimation window, and the characteristics distribution
G?g is approximated by a 12-point discretized lot distribution, which simulates representative projects
and their characteristics from observed projects.??

The flow payoff at a state is the expected profit per quarter from bidding. By the bid first-order
condition, a firm’s profit from an auction at its optimal bid, inclusive of the continuation value of

winning, equals its winning probability divided by the hazard (De Silva et al., 2023). Let

A Gi(biet | Tut)
it = 1 (h. | 7.
! H;(biet | Tor)
23Within each tender category, I sort observed projects by their engineering estimate, divide them into twelve

approximately equal-sized strata, and use the median project in each stratum, weighted by the stratum’s empirical
frequency.
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denote this profit for firm ¢ in auction ¢ at time ¢. The flow payoff at state s is the expected sum of

these profits over the auctions the firm bids on in a quarter,

I} (s) = E Z i iy | Sit =5, 0; =0, (46)
ﬁEOiz

where Oy is the set of lots arriving in quarter ¢ for which 4 is eligible, and a;y is the participation
indicator. The expectation integrates over project arrivals, participation, the firm’s own bid, the
realized rival set under the estimated policies, weighted by survival. Let Hg‘ denote the vector that
stacks TI7}(s) over the state grid.

For every bid, @i(bm | Tet)/ ﬁi(bm | Jet) is the estimated winning probability divided by the
estimated hazard at that bid. I regress this ratio on project characteristics, the firm’s state, the
aggregate state, and type, weighting each bid’s two type rows by the posterior, and evaluate the fitted
mean at the representative projects and grid states. Multiplying by the participation probability
and the arrival intensities and summing over categories gives Hﬁ. States with no observed bids are
filled by the fitted regression. The estimated participation and bid policies are held fixed in this

stage. Consequently, the transition matrix does not depend on .

State transitions. Let Mg denote the “no-award” transition matrix for type 6 under the estimated
policies. This matrix retains clearance, payments, experience, promotion, exit, and the aggregate-
state law of motion, but assumes the firm wins no future contracts. This restriction is necessary
because the auction surplus in (46) already contains both the current profit and the continuation
value of winning.

For each award realization, I apply the state transitions (as in (9)—(12)): new contract awards
enter the backlog, type-specific clearance determines remaining backlog and paid experience, the
resulting payment enters the category transition policy, and backlog is renormalized if the firm
changes category. Winning a contract therefore has two distinct dynamic effects: unfinished work
may raise congestion, and completed work increases the probability of category promotion.

The quarterly discount factor is set to § = 0.95. Following Jofre-Bonet and Pesendorfer (2003), I
evaluate the infinite-horizon Bellman system under the participation and bidding behavior estimated
in the first stage. Let V denote the vector obtained by evaluating the value function Vy(s, s) at
every point on the state grid. Because the estimated policies and the induced transition matrix are
held fixed, this vector is

Vo = (I- M)~ (47)

This is the auction-surplus representation of De Silva et al. (2023). Because neither ].'Ig4 nor M,
depends on the cost parameters, the Bellman system is solved once per type, and the construction
cost parameters are recovered only afterwards. Evaluating (47) solves an infinite-horizon Bellman

system.24

24For numerical validation, I also compute continuation values by simulating the same policy and transition law
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I compute the dynamic values for each 6 € {L, H} separately. Thus, the flow payoffs, transition
matrix, and value Vector—l_[ﬁ, Mg, and Vy—are type-specific because execution, participation,

and bidding policies differ by type.

Continuation value of the focal award. For each observed bid, I create separate rows, Qz,fi;l}t
and Q},‘?EZ, that represent the path if the firm wins and loses the focal award, respectively. Because
the signed value is not yet observed at the bidding stage, the winning path adds the project’s
VAT-exclusive engineering cost estimate zp to the firm’s backlog as a proxy for the prospective
signed award increment before drawing clearance. The losing path adds no award. Both integrate
over the same clearance, promotion, survival, and aggregate-state transitions. The dynamic gain

entering the bid first-order condition is the discounted change in next-quarter continuation value,
AVyiee = (szﬁt - QE??Z) Vo, Dy ier = B AV gt (48)

The current winning uses the award value of focal project ¢; the continuation paths integrate over

future tender arrivals using representative project values.

Structural estimating equation. Substituting (44), (43), and (48) into the bid first-order

condition gives

bier — [ Dy ; -
ity — Matt + Dgity = ﬂth(@),ﬁ + Eiet, where, i = AL (49)
2 H;(bigt/20)

Because Dy ;¢ is computed from the value vector before construction cost parameters are estimated,
the left-hand side is data once the first stage and the value solve are complete, and ¥ enters only
through the cost specification (44) on the right-hand side. Thus the observed bid is separated
into construction cost, a static markup, and a dynamic markdown. Each bid contributes one
type-L and one type-H row to (49), weighted respectively by 1 — w; and w;. I estimate 9 by the
posterior-weighted heteroskedastic likelihood implied by (45). Firms know their own types, while

the econometrician integrates over type using the posterior estimated in the first stage.

5.5 Inference

Inference uses 300 firm-level bootstrap samples. I hold the first stage fixed and re-estimate every
second-stage object in each sample, so the reported intervals for continuation values and costs reflect
uncertainty in the set of firms, their costs, and the continuation values, conditional on the estimated
types and policies. I construct confidence intervals for estimated parameters and the dynamic value

of winning (D, Dy, Dy — Dp) from the draw-level estimates.

forward for five hundred quarters. The results match.
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6 Identification Discussion

Identification proceeds in three steps. First, the administrative histories identify the policy functions
and state transitions used in the model. Second, repeated execution and auction histories identify
the distribution of permanent execution types and the type-specific bid, participation, and project
execution policies. Third, the auction first-order condition identifies the construction cost net of the
continuation value of winning. Construction costs and continuation values are then separated using

the dynamic value and linear structure implied by the model.

State Transitions and Policy Functions At the beginning of quarter ¢, I observe the category
vector ki and cumulative awarded Works value Wy;. During the quarter, I observe the value AW
of Works contracts entering the firm’s portfolio and construct the Works payment flow YZ};V from

the VAT records. I then construct backlog recursively using

Wiis1 = Wi + AWy,
Biy+1 = Bi + AWy — Y.

The payment flow is capped by the portfolio available to receive payment, so B; ;1 is nonnegative. I
treat the resulting measured state s;; = (Kit, Bit, Wit), and the aggregate state 5, (which is observed),
as given when estimating the policy functions.

Tender arrivals, industry entry and exit, and the aggregate state transition are assumed to be
exogenous transition policies that are observed from their corresponding panels. The promotion policy
is identified from category transitions conditional on origin category, sector, and paid experience, all
of which are observed in each period. As in De Silva et al. (2023), auction participation is treated
as a descriptive matching policy. I observe all eligible active firms and all their bid submissions to
all tenders, so the participation policy is identified from match rates by eligible firm-tender pairs.
These objects are identified (on the relevant support) under the maintained Markov restriction
that, conditional on (s;,S;) and the current tender, earlier history does not directly affect the

corresponding policy or transition.

Permanent Execution Types Identification of §; relies on firm-level repeated histories, which
distinguish permanent heterogeneity from transitory shocks. Specifically, Kasahara and Shimotsu
(2009) show that a model with a finite number of permanent types can be identified if current
outcomes satisfy a Markov restriction, if there is sufficient variation in observed states that affects
types differentially, and if the type-specific choice probabilities satisfy a rank condition ensuring
that the types’ response profiles are linearly independent. In my context, the Markov restriction is
that conditional on (6;, s;t, S¢, x¢), the per-period draws generating clearance, participation, and the
conditional bid are independent, and draws are independent across quarters and auctions. Thus, the
only dependence over time arises from the firm’s individual state and the common aggregate state.

Intuitively, identification is based on observing repeated sequences of firm behavior that persis-
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tently differ between the two types. For example, consider two firms facing the same individual
and aggregate states. A single quarter of fast execution could reflect a favorable transitory draw.
But, if one firm repeatedly clears more of its portfolio, participates according to the type-H policy,
and submits bids drawn from the type-H distribution, that sequence is more likely to have been
generated by 6; = H than by 6; = L. The conditions in Kasahara and Shimotsu (2009) ensure that
a finite number of groups of firm types can be distinguished and thus the underlying finite-mixture
can be identified.

I assume that execution type is a permanent and immutable firm characteristic; firms cannot
choose to exert effort to increase their execution speed after being awarded a contract. The model

thus rules out moral hazard. Any persistent effort effect is attributed to 6;.

Auction Hazards and Cost Inversion Conditional on participation, the first-stage finite-

mixture model identifies the parameters of the type-specific bid distribution

F(g@ | Xe,Sit,§t> ) biee = %,
7
under the parametric Gamma specification in (35)—(36), and identification of the type.

For each auction, I observe the participating bidder set and each bidder’s public state. Bidders
form beliefs about rival types by updating a category-specific prior over rival types using the
type-specific probability of participation. Combining this probability with the type-specific bid
distributions identifies each rival’s bid density and survival function. These objects identify the
auction hazard H;(b | Jy) on the support of observed bids (Athey and Haile, 2007). The static
markup 1/H;(b | Ju) is well-defined on every row because the bidder’s hazard is a sum of Gamma
hazards with shapes above one (the smallest being 6.5). For single-bidder lots, the hazard comes
from the simulated rival.

Given the discount factor, the estimated clearance, promotion, participation, entry, exit, and
aggregate-state transitions, together with the cost parameters, determine the value function. Winning
differs from losing because an award increases backlog and cumulative awarded value. These changes
affect subsequent payments, participation, promotion, and eligibility. The difference between the
winning and losing value functions defines the continuation value D;s, which does not depend on
the unknown cost parameters conditional on the first-step policies (Hotz and Miller, 1993; De Silva
et al., 2023).

Given the auction hazard and continuation value, construction cost is recovered bid by bid using
the Guerre et al. (2000)-style inversion adapted to the dynamic auction setting, as in Jofre-Bonet
and Pesendorfer (2003):

1

= Cigt — Dy, itz
H;(bigt | Tor) o o

biet —

On the left-hand side, bids are observed and the auction hazard, and therefore the static markup,

is identified as described above. Thus, the auction inversion identifies project cost net of the
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continuation gain from winning, but does not identify the two components separately.

Separating Costs and Continuation Values The auction inversion identifies only the net cost
ciet — Dp ier. Because the continuation gain Dy ;4 in (48) is computed from the first-stage policies and
the value vector alone, the net cost separates into its two components bid by bid, without reference
to the cost parameters. The construction cost specification (44) then models the recovered cost as
20t (0)'9 + €44, and Equation (49) identifies ¢ given the other observed or estimated components.

Conditional on the first-step objects, and under the model’s cost specification, the cost parameters
¥ are identified in our model under the key assumption that

Eitt = TietWit, wiee < N(0,1),
conditional on tender characteristics, public state, and type, where ;4 is specified in (45). That
is, the structural cost errors are conditionally independent across firm—project matches, firms, and
periods. It is also necessary that the cost variables in (49) have full column rank.

Intuitively, the same variables enter current costs and continuation values in different ways. For
example, current backlog affects the cost of executing the focal project through its level at the time
of bidding. Its effect on the continuation value instead depends on how winning changes the firm’s
future backlog relative to losing, which varies with project size, execution type, paid experience, and
the probability of promotion. As a result, firms with similar current values in the cost covariates
can face different future effects from winning. This variation separates current construction cost

from the continuation value (De Silva et al., 2023).

Counterfactuals The counterfactuals are identified conditional on four restrictions. First, the
project cost distribution and type-specific clearance functions remain fixed. Second, the estimated
tender arrival, participation, entry, and exit processes, as well as the category promotion policy,
remain the same under the counterfactual rule except where the exercise explicitly changes them.
Third, firms use the observed public state and current rival states in each auction, while forecasting
future competition from §;. Fourth, the counterfactual remains within the support over which
the type-specific policies and cost distribution are estimated. Thus, the counterfactual changes
the contract award mechanism, competition in auctions, backlog, paid experience, and dynamic

markdowns, but holds the environment, government behavior, and project completion speeds fixed.

7 Estimation Results

This section presents the structural model estimates, quantifies the magnitude of the dynamic
incentives, and the effectiveness of screening in this market. Section 7.1 presents the results of
Stage 1: execution types and the estimated participation and bid policies; Section 7.2 reports the
results of Stage 2 cost and continuation-value estimates, and decomposes bids to show how dynamic

incentives induce high-type firms to shade their bids; Appendix E.1 assesses model fit.
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7.1 First-stage estimates: firm types and participation and bid policies

The EM algorithm estimates type-specific clearance distributions that differ sharply between high-
and low-type firms. The algorithm assigns 19.8 percent of firms to the high type; the remaining
80.2 percent is assigned to the low type.

The estimated clearance process differs across types on each of its three margins. At the median
backlog stock, high-type firms have zero payment in 36 percent of quarters, compared with 52
percent for low-type firms. They fully clear their outstanding portfolio in 15 percent of quarters,
compared with 7 percent for low-type firms. Among quarters with partial clearance, the high type
clears 55 percent of its portfolio on average, compared with 39 percent for the low types. Figure 5,
Panel B, plots the implied distribution of quarterly clearance at the median backlog. Combining
these margins, the high type clears 42.3 percent of its outstanding portfolio per quarter ([33.1,49.9]
percent), compared with 22.4 percent for the low type ([18.9,26.3] percent). This implies that, with
148.5 million RWF of backlog, a high-type firm finishes half of their outstanding work in 1.3 quarters
and 90 percent in 4.2 quarters, while a low-type firm takes approximately 2.7 and 9.1 quarters,
respectively.

The clearance distribution varies with the amount of work outstanding. As the post-award stock
increases, the probability of full clearance and the share cleared in partial-payment quarters fall,
while the probability of no clearance changes little. Larger portfolios therefore clear more slowly (in
percentage terms) for both types (Figure 5, Panel A). Appendix Table 14 reports the estimated

zero one inflated Beta parameters and confidence intervals.

Figure 5: Estimated zero-one-inflated Beta clearance process by type
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Notes: Panel A: expected share of outstanding backlog cleared per quarter as a function of the backlog stock.
The dotted line marks the median post-award backlog: 148.5 million RWF'. Panel B: the implied distribution
of quarterly clearance at the median backlog. The bar at 0 represents no payment, and the one at 1 represents
full backlog clearance. The interior bars are the Beta component integrated over deciles. Parameters are the

point estimates reported in Appendix Table 14.

Table 1 reports the main first-stage estimates for the execution, participation, and bid policies.
The participation policy includes each firm’s mean backlog and paid experience, so the coefficients on

the current states are identified from deviations from those means. Firms that operate with greater
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Table 1: First-stage estimates

Quantity Estimate 95% bootstrap CI
Execution and type

High-type population share (wg) 19.8% [13.4%, 27.5%]
Expected share cleared per quarter, L (E[¢ | Xmeq, L]) 22.4% [18.9%, 26.3%)
Expected share cleared per quarter, H (E[¢ | Xineq, H]) 42.3% [33.1%, 49.9%]
Qualified participation

Current backlog (05) —0.242  [-0.339, —0.163]
Paid experience (dp) —0.488  [-0.650, —0.337]
Same-category tender (da) —0.728  [-1.030, —0.361]
Category gap (Or) —1.204  [-1.431, —0.947)
Firm mean backlog (d5) 0.454 [0.285, 0.691]
Firm mean paid experience (0p) 0.617 [0.349, 0.911]
High type (3x) 1.331 1.054, 1.593]
Conditional normalized-bid policy

Gamma shape, L (v,) 6.84 [6.06, 7.96]
Gamma shape, H (vgy) 15.44 [12.62, 22.44]
Mean predicted bid / engineering estimate, L (72%) 1.055 [1.027, 1.091]
Mean predicted bid / engineering estimate, H (%) 1.038 [1.011, 1.079]
Mean predicted bid difference, H minus L (% — &%) —0.017 [—0.068, 0.030]

Notes: First-stage execution, participation and bid-policy point estimates. Intervals are 95 percent
percentile intervals from 300 firm-bootstrap draws that re-estimate the first step (execution, participa-
tion and bid policy) on each resampled firm set, with the EM started from the point’s type posteriors.
The predicted bids evaluate the two type-specific conditional Gamma policies at the same observed
states and auction cells; the H-minus-L difference is calculated within state. Here fi; denotes the
sample average of the conditional mean p$ evaluated at those common states. Additional parameter
estimates are reported in the appendix.

backlog and with more paid experience participate more on average. However, firm participates
less in quarters when its backlog or paid experience is above its average level. High-type firms
participate more often conditional on the same state.

Conditional on the same state and auction cell, the two types have nearly identical predicted
bids: the H-minus-L difference is small and not statistically significant. The first stage therefore
distinguishes the types through execution and participation, not through differences in bid levels.

Figure 6 shows that high-type firms are concentrated at the top of the category ladder. They
account for 97 percent of firms observed in category A and 80 percent in category B, compared

with 14 percent in category F.
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Figure 6: Execution types by registration category

n=169 firms n=29 firms n=62 firms n=40 firms n=17 firms n=20 firms
1323 bids 219 bids 644 bids 534 bids 95 bids 220 bids

1.0 4

Share of firms
o o
o [ee]

o
>
L

0.2 1

0.0 -

Registration category (bids placed while registered in the category)

@ H share, bid-weighted B H (fast execution) | (slow execution)

Notes: A firm enters a category if it ever submitted a qualified bid while registered in it, so firms may appear
in multiple categories. Bars are means of the classifier posterior over firms in the category, weighing firms
equally. Dots show the posterior weighted by bids.

7.2 Second-stage estimates: cost and continuation value

Table 2 reports the main parameter estimates recovered in the second stage. High-type firms
have higher estimated costs than low-type firms. The full-sample estimate of the high-type cost
coefficient 7y is 0.437 of the ECE, or 43.7 percentage points (bootstrap CI [—0.207, 1.085]). The
coefficients on backlog, paid experience, and their interaction are —0.104, —0.115, and 0.017; none
is statistically different from zero, with 95 percent bootstrap intervals of [—0.635, 0.768], [—0.462,
0.417] and [—0.442, 0.260]. Table 2 also reports the firm-category, tender-category and sector effects,
the project-scale coefficient and the cost dispersion; the project controls are in Appendix E.

Using the estimated cost and continuation values, I decompose bids for high- vs. low-type firms
for otherwise similar firms. Figure 7 presents the model-generated bid decomposition for firms in
the same tender and public state. The high type’s project cost is estimated to be 43.7pp higher
(as a percent of the ECE), while its dynamic markdown is 37.7pp larger, so the dynamic channel
offsets most of the cost gap. On average, the total bid is 6.0 points higher for a high-type firm, and
it bids below its low-type counterpart in 48.6 percent of bids (holding the firms’ states and tender
characteristics fixed).

Table 3 measures the dynamic markdown, 3 D, 1, relative to the ECE. The high-type markdown
is much larger than the low-type markdown in every category in percentage point terms, by a factor
of up to 10. As a percent of the ECE, the markdown is smallest for category A firms, which have
no prospect of promotion to a higher category. It is largest in the middle of the ladder, reaching
76 percent of the ECE for high-type firms in category E and ranging from 50—64 percent between

categories D-B.
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Table 2: Second-stage cost estimates

Quantity Estimate 95% bootstrap CI
Current cost: type, states, and scale (share of the engineering estimate)
High type (nm) 0.437 [—0.207, 1.085]
Log backlog (pg) —0.104 [—0.635, 0.768]
Log paid experience (pp) —0.115 [—0.462, 0.417]
Backlog x paid experience (pgp) 0.017 [—0.442, 0.260]
Log project scale (vy) —1.667 [—3.860, 0.583]
Firm-category effects (categories A and B pooled and omitted)

Category F (™) —0.495 [—1.082, 0.359)
Category E (afifm) —0.474 [~1.114, 0.325]
Category D (af™) —0.291 [—0.826, 0.264]
Category C (afr™) —0.185 [—0.626, 0.253]
Tender-category effects (equation intercepts)

Category F (o) 2.633 [0.827, 4.375]
Category E (a's™?) 2.605 [0.659, 4.349]
Category D (a'59) 2.629 [0.656, 4.424]
Category C (™) 2.606 [0.560, 4.509]
Category B (a%™?) 2.189 [-0.126, 4.095]
Category A (a"9) 2.349 [0.244, 4.387]
Sector effects (Buildings omitted)

Roads (0Reads) —0.018 [—0.591, 0.178]
Water (afvater) —0.205 [—0.445, 0.091]
Cost dispersion

o 0.607 [0.536, 1.091]
Log-project-scale variance slope (87) —0.090 [—0.197, —0.002]

Notes: Second-stage estimates of the construction cost equation (44). The Estimate column reports full-
sample point estimates; intervals are 95 percent percentile intervals from 300 firm-bootstrap draws that
hold the first stage fixed. Cost coefficients are expressed as shares of the engineering cost estimate. Backlog
and paid experience enter as log(1 + -) in billions of VAT-exclusive Rwandan francs; project scale enters as
log z¢/25. The tender-category terms are the intercepts of (44): the equation has no separate constant, so
they are not deviations from an omitted tender category. The omitted firm category pools A and B, and
the omitted sector is Buildings. Project controls (BOQ item count, advertised duration, procuring-entity
type, the lagged material-price shock, and their missing-value indicators) are estimated and reported in
Appendix E.

8 Counterfactual policies

I use the model to conduct counterfactuals that address the main research questions. I first quantify
the dynamic incentives created by the category ladder by removing the future market access that
winning provides. To do this, I replace the existing promotion rule with a random benchmark
and rules based on awarded rather than completed work. I then compare bids, prices, and the
allocation of contracts. Second, I evaluate the cost of the screening to the government by loosening
the eligibility rule and letting firms from categories below the tender’s requirement participate.
Each counterfactual replays the same 1,319 auctions in the sample among the set of active
firms in the sample. Across replays, the participation policy is held fixed, but a different set of

bidders participate in each auction. Firms’ states — backlog, paid experience, and category —
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Figure 7: Decomposing bids by firm type
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Notes: Baseline specification, all 2,982 supported bids, unweighted means over paired type evaluations,
in percent of the engineering estimate. Each type’s bid is constructed from the fitted cost equation on
the same tender and public state, holding the static markup at its observed-auction value, so rivals’
bidding is unchanged. The figure compares otherwise identical firms that differ only in execution type.

Table 3: The dynamic component of bids, by bidder category and type

High type Low type
Bidder category Bids Gain (M RWF) % of ECE Gain (M RWF) % of ECE
A 215 324.0 12.4 22.6 1.6
B 93 505.9 64.2 304 3.2
C 531 174.1 51.1 8.6 2.5
D 636 104.6 49.8 8.5 8.9
E 210 56.8 75.7 3.0 6.5
F 1,297 9.1 38.8 1.9 8.4
All 2,982 107.2 46.7 2.5 7.7

Notes: The gain columns report the median continuation gain from winning, AV, in million RWF, by
bidder category and type. Median of the discounted continuation-value wedge 8 AV divided by the
engineering cost estimate, by the bidder’s registration category. Sample includes 2,982 bids, with
each evaluated as both types at the point estimates.

evolve with the simulated awards, clearance, and promotion. I re-solve each firm’s value function
under the counterfactual transition or eligibility policy, and shift bids by the implied change in the
continuation value of winning (holding the estimated cost distributions and the participation policy
fixed). I simulate 20 replications of the sample and compare each counterfactual replication with
the status-quo replication drawn with the same random numbers, so that differences reflect the
policy rather than simulation noise.??

The main outcomes of interest are procurement prices, the allocation of contracts across firm
types, and expected completion time. Prices are measured by the value-weighted ratio of winning
bids to the ECE, which equals 0.933 under the status quo, and by the total cost of the lots awarded
both in the counterfactual and in the status quo. Allocation is measured by the share of awarded

value won by high-type firms, 80.8 percent under the status quo. For a project of value z awarded

25More draws are in progress.
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to a type-0 firm with backlog B, I measure expected completion time by
e — -
T = Z Ot ot+1 = o[l — §(X¢, 0)], X1 = [1 = &(Xe, 0)] Xy,
t=0

where g; is the remaining payment share, Xo = B + z, and £(X, ) is the estimated mean portfolio
clearing rate. Thus 7 is the area under the expected remaining payment path; it depends on the

winner’s type and on her backlog at award. Under the status quo it equals 6.38 quarters on average.

8.1 Removing future market access gains

The dynamic incentive exists because promotion rewards completed and paid work. To quantify
it, I replace the RPPA’s promotion rule with three alternatives that leave the ladder in place but
change what promotion rewards. Under the first, promotion is random within each category, at the
category’s status-quo promotion rate, so that winning no longer moves a firm up the ladder. Under
the second and third, promotion depends on awarded rather than paid value: the rate-matched rule
promotes on cumulative awarded value through a quantile map that reproduces the status quo’s
promotion rate, and the legal-threshold rule promotes a firm once her awarded value crosses the
thresholds that the RPPA applies to paid experience. The latter two rules are the ones a government
that could not track execution would plausibly adopt, since awards are observed at the time of
contracting and payments are not.

Random promotion answers directly how much of the value of winning comes from the ladder.
Under that rule, winning still adds a contract to the firm’s backlog and paid experience, but no
longer moves her up the ladder, so the gain from winning that survives is the value of the work
itself, and the remainder is the value of climbing. For high-type firms, the median continuation
gain is 45.8 percent of the bid under the status quo, of which only 2.1 points survive under random
promotion; the remaining 43.7 points, or 95 percent of the gain, come from the prospect of moving
up a category. For low-type firms, the gain is 6.7 percent of the bid, of which 0.8 points is the work
itself and 5.9 points the ladder. The split is exact rather than a decomposition, because random
promotion is the one rule that severs winning from climbing while leaving everything else in the
firm’s problem unchanged. Figure 8 reports the same markdown under each rule. Promotion on
awarded value at the status quo’s rate preserves most of the incentive (34.1 percent of the bid for the
high type), since awarded and paid value are closely related for the firms that win. Promotion at the
legal thresholds on awarded value raises the markdown above the status quo (59.3 percent), because
awarded value crosses the thresholds sooner than paid value does, so that promotion becomes more
frequent: 140 promotions per replication against 113 under the status quo.

Figure 9 reports the effects of each rule on prices and on the allocation of contracts. Removing
the incentive raises prices: under random promotion, the value-weighted price index rises by 8.2
percent, and the total cost of the lots awarded both under the rule and under the status quo rises
by 8.0 percent. Thus the current regime is, at least in part, self-financing: the government pays

lower prices today precisely because the prospect of future market access makes firms mark down
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their bids. The allocation of current contracts, by contrast, moves little. The high-type share of
awarded value falls by 1.0 percentage points, and its share of the value awarded in categories A
and B, 92.2 percent under the status quo, falls by 1.5 points. Where the ladder’s screening shows
up is in who gets promoted. Promotions fall from 113 per replication to 91, and the share of
them that go to high-type firms falls from 49 to 32 percent, so that the composition of the upper
categories deteriorates over time: at the end of the sample, the high-type share of firms registered
in category A falls from 71 to 64 percent, and in category B from 46 to 38 percent (Figure 10).
The two awarded-value rules differ. The rate-matched rule is close to a wash on every outcome,
which is consistent with awarded value tracking paid value closely at the same promotion rate. The
legal-threshold rule promotes more firms and, because the incentive it creates is larger, lowers prices
by 4.3 percent; but the additional promotions go disproportionately to low-type firms, the high-type
share of awarded value falls by 0.9 points, and the high-type share of category B firms falls from 46
to 38 percent (Figure 11). The change in expected completion time under these rules is small, and

its sign depends on how lots are weighted, so I do not emphasize it.26

Figure 8: The dynamic markdown in bids under each promotion rule
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Notes: Median across bids of the discounted continuation gain from winning as a percentage of the bid, by firm
type, under the status quo (promotion on paid experience), random promotion within category at the status
quo’s category-level rate, promotion on awarded value at the status quo’s promotion rate, and promotion on
awarded value at the legal thresholds. Whiskers are two Monte Carlo standard errors across 20 replications.

8.2 The cost of the screening: loosening eligibility

I now discuss the costs of the eligibility ladder, by counterfactually varying the eligibility requirement
while keeping the award rule unchanged. I use the government’s own definitions for firm categories
to simulate allowing firms below the tender requirement to become eligible for projects above their
category. I consider three degrees of loosening. In the first, I admit firms one category below to bid
on projects at or below the within-category median engineering estimate of projects one category

above; for instance, a category D firm becomes eligible for the smaller half of category C projects.

26Weighting lots by the winning bid, random promotion lowers expected completion time by 0.29 quarters; weighting
them equally it raises it by 0.15 quarters. The rule moves lots toward slower firms but also toward firms with emptier
backlogs, and the two effects offset.
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Figure 9: Effects of each promotion rule relative to the status quo

Effects of each promotion rule relative to the status quo (all tenders)
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Notes: All tenders. Price paid: percentage change in the value-weighted index of winning bids over the ECE.
High-type shares of awarded value and of lots won, in percentage points. Whiskers are two Monte Carlo
standard errors across 20 replications.

Figure 10: Composition of the ladder under random promotion
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Notes: Share of registered firms that are high-type, by registration category at the end of the sample, under
the status quo and under random promotion within category. Whiskers are two Monte Carlo standard errors
across 20 replications.

In the second, I allow all firms to bid for projects one category above theirs, and in the third, for
projects up to two categories above theirs. Since a category-F tender has no category below it, these
counterfactuals apply to tenders of categories E to A, on which the status-quo price index is 0.943,
the high-type share of awarded value is 83.5 percent, and expected completion time is 6.47 quarters.
Table 4 reports the results, and Appendix Figure 16 plots them along the three degrees of loosening.

Loosening eligibility lowers prices, and the more it is loosened, the more prices fall. Admitting
firms one category below to the smaller half of projects lowers the total cost of the lots awarded in
both regimes by 2.4 percent, and the price of the median lot by 1.9 percent; the newly eligible firms
win 8.5 percent of awarded value. Admitting them to all projects one category above lowers total
cost by 6.3 percent and the median lot’s price by 8.2 percent, with newly eligible firms winning 21.4

percent of awarded value; admitting firms up to two categories above lowers total cost by 7.9 percent
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Figure 11: Composition of the ladder under promotion on awarded value at the legal thresholds
Who ends up on the ladder under the legal awarded-value rule
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Notes: Share of registered firms that are high-type, by registration category at the end of the sample, under
the status quo and under promotion on awarded value at the legal thresholds. Whiskers are two Monte Carlo
standard errors across 20 replications.

and the median lot’s price by 20.4 percent. The price reductions come from added competition
on the projects opened: submissions per lot rise from 1.65 under the status quo to 2.4 when one
category is opened, and the newly eligible firms bid aggressively because they carry light backlogs
(0.3 billion RWF at award, against 2.8 billion for the incumbents they displace).

The cost of loosening is the composition of winners. The share of awarded value won by high-type
firms falls by 1.8, 4.6 and 8.1 percentage points at the three degrees of loosening, and the share
of the value awarded in categories A and B that high-type firms win, 92 percent under the status
quo, falls by 1.3, 2.5 and 7.9 points. Expected completion time rises accordingly, by 0.08, 0.18 and
0.30 quarters, or roughly one, two and four weeks; the first of these is not distinguishable from
zero, and the differences across degrees of loosening are within simulation error, so the evidence
supports the direction of the effect more than its exact profile. The newly eligible winners are slower
on average (their high-type share is 42 percent, against 60 percent among the incumbents they
replace), but they also carry emptier backlogs, which partly offsets their slower execution under
the estimated clearing process. Thus the two sides of the screen line up as the model predicts: a
modest, targeted loosening of the eligibility rule is nearly free, lowering prices with no measurable
change in completion time, while opening tenders to all firms from lower categories buys larger price

reductions at the cost of slower execution and a shift of large projects toward low-type firms.

9 Conclusion

This paper studies Rwanda’s public procurement market for Works contracts, which imposes
eligibility rules that condition access to larger contracts on the completion of smaller ones. Payment

records reveal persistent differences in the rate at which firms finish awarded work. These differences

45



Table 4: Opening tenders to lower categories: effects relative to the status quo

Categories opened  Total cost (%) Median lot (%) High-type share (pp) Newly eligible share (%) Delay (quarters)

0.5 —2.38 (0.28) ~1.93 ~1.81 8.5 +0.083 (0.064)
1 —6.30 (0.47) —8.23 —4.56 21.4 +0.176 (0.067)
15 —6.02 (0.64) ~12.92 —4.97 26.7 +0.119 (0.102)
2 —7.94 (0.78) —20.38 —8.11 36.8 +0.297 (0.193)

Notes: Tenders of categories E to A. 0.5 opens the smaller half of each category’s tenders (estimate at or below
the median) to firms one category below; 1.5 opens all tenders one category below and the smaller half two
below. Total cost: change in the sum of winning bids on lots awarded in both regimes. Median lot: median
change in the winning bid over the ECE on those lots. High-type share: change in the high-type share of
awarded value (status quo 83.5%). Newly eligible share: share of awarded value won by newly eligible firms.
Delay: change in bid-weighted expected completion time (status quo 6.47 quarters). Monte Carlo standard
errors over 20 replications in parentheses.

do not enter bid evaluation directly. Instead, faster-clearing firms accumulate paid experience more
quickly and move up the category ladder sooner. Therefore, the ladder selects faster firms into
larger tenders without requiring the government to observe their type. The model estimates indicate
that high-type firms clear their portfolios about twice as fast and place far more value on winning.
This larger continuation value produces a larger dynamic bid markdown, which absorbs most, but
not all, of high-type firms’ higher costs. On net, high-type firms bid slightly above otherwise similar
low-type firms facing the same tender.

This screening comes at the cost of competition. Loosening eligibility restrictions moderately, by
allowing firms from one category below the tender requirement to participate, reduces procurement
prices by 6 percent, but shifts about 5 percent of awarded value toward slower firms and increases
expected completion time by 0.2 quarters. A more limited expansion, limited to smaller tenders in

the next category, reduces prices by 2 percent without significantly increasing delay.
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A Payment Measurement and Validation

This appendix presents the details behind the construction of the payment-based variables defined
in Section 2.5: the component of firm payments attributed to contracts outside the Works portfolio,
the contract schedules used for the scheduled-flow measures in the empirical evidence, the persistent

firm clearing component, and the normalizations that enter the state in the structural model.

A.1 Observed contract portfolios

Let j index public contracts held by firm i. I focus on the set of contracts W;, which contains
signed Umucyo Works contracts. The OCDS data supplies another contract set containing goods,
services, and consulting contracts held by the same firms. OCDS contracts are used only to partition
firm-level payments; they are not added to the Works backlog studied in the paper.

For each observed contract, let z; denote its VAT-exclusive signed value, and let s; and e; denote
the quarter containing its recorded start and end dates. I use the signed value to construct the
scheduled duration and quarterly flow,

dj:ej—sj—kl, r; = —.
When an end date is missing or precedes the start date, I impute duration using the median valid

duration within contract type (sector-category combination). This affects no Works contract and
only 64 of the 2,283 OCDS (non-Works) contracts.

A.2 Allocating payments to the Works portfolio

The government withholdings variable in VAT records reports the total payments from public
entities, Y\°', at the firm-quarter level. Because of this, I do not observe contract-level payments.
This subsection defines how I attribute payments to Works contracts and portfolios.

I first allocate payments to the firm’s observed OCDS non-Works contracts using their values
and contract dates. Let Y;;*" denote the payment remaining unassigned in this pass, and let tiW

denote the quarter in which the firm’s first observed Works contract begins. Let
Uit = min {Y;E"t, median__,w Y;rfm} ,

defining the unaccounted component to equal to the “typical” payment the firm received before
it held any observed Works contract. For firms with fewer than four such quarters, I set U;; = 0,
attributing their public payments entirely to Works.

The payment that can be attributed to Works is therefore

Yot — Ui
I attribute this payment to the firm’s aggregate Works portfolio rather than to particular
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contracts. Let B;; be the VAT-exclusive signed-contract value of previously awarded Works that
remains to be cleared at the beginning of quarter ¢. For each contract /, let z; denote its signed
value net of VAT, and let
AWy = > 2
LeEW;y
be the VAT-exclusive signed-contract value of Works awarded to firm 4 in that quarter, where W;,

is the set of those awards.The portfolio available to receive payment is
Xit = Bit + AWj.
I define Works payments as
Yz}‘//v = min{Yi?tOt - UityXit}-

Thus, Works payments cannot exceed either the firm’s payment available for Works or the value
remaining in its Works portfolio. Any available payment above X;; remains unallocated and is not
carried forward to future awards.

The corresponding backlog evolves as
Bigs1 = Xt — Yy = By + AWy — V).

Thus, realized commitments and payments are measured on a common VAT-exclusive contractual

basis.

Portfolio clearance and paid experience. For firm-quarters with a positive Works portfolio, I

measure quarterly portfolio clearance as

v
Xi

it = Xit > 0.
Because Works payments are capped by the available portfolio, &; € [0,1]. A value of zero indicates
that none of the portfolio is cleared in quarter ¢, while a value of one indicates that the entire
portfolio is cleared. Firm-quarters with X;; = 0 are outside the execution risk set and &; is set to
missing.

As firms clear their Works portfolios, they accumulate paid experience. Let W;g be the cumulative
VAT-exclusive signed-contract value of awards before the accounting panel, so that W;; = W;g +

Zt;:lo AW;-, and set Pjg = W;y — B;o. At the beginning of quarter ¢, paid experience is
t—1
Py =Py+> YV =Wy - By.
7=0

For a firm observed from its first Works award, P,y = 0.
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A.3 Reduced-form execution measures

All firm-level execution measures in Section 3.2 are built from the quarterly portfolio clearing rate
of Section 2.5,

i

X'

it =

Works payments received in quarter ¢ divided by the portfolio available to receive payment, for
firm-quarters with X;; > 0. Contract schedules enter these measures only as sample filters and

workload controls, never as a denominator.

Predetermined clearing score. I residualize &; on log(1 + X;;), an indicator for a new award in
t, indicators for the number of active Works contracts, and calendar-quarter fixed effects. For each
firm I average the residual over its first three quarters with a positive portfolio and standardize the
average across firms; firms with fewer than three such quarters are dropped, leaving 319 firms. The

score is fixed at the end of a firm’s third quarter with positive portfolio.

Explaining variation in clearing. Table 9 uses &; itself on firm-quarters with a positive portfolio
and at least 0.005 billion RWF of scheduled Works execution, retaining firms observed in at least

three such quarters (1,784 firm-quarters, 233 firms).
Execution quality and tender evaluation. Table 10 uses the predetermined clearing score.

A.4 Normalizations entering the state

For the reduced-form regressions the backlog level is divided by the scale of the firm’s current
category and capped at six; I report both an indicator for any positive backlog and the standardized
continuous state. Scheduled backlog, constructed from the administrative contract windows, serves
as a comparison measure.

Paid experience enters the promotion problem relative to the requirement stated in the 2014
RPPA categorization manual,

Pit(ma R) == T : )
m,K

where T, ,; is the stated valule requirement for sector m and origin category «.

A.5 Cross-validating payment-measured Works execution

The measure YZL/V assigns the portion of firm i’s government payments in quarter ¢ attributable
to its Works portfolio observed with the Umucyo data. I assess it using independently collected
project reports, which record physical completion (as a percent of the project) and the date the
report was produced. Project reports are produced by third-party contractors hired to monitor the

project execution and submitted to the relevant procuring entity. I use the date to measure delay
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in completion relative to scheduled contract start and end dates. I compare portfolio and directly

attributable project payments, where I can observe (linking them using the project-specific code).

A.5.1 Payments around independently recorded final reports

The date of the Final Report provides an external measure of physical completion. Panel A of
Figure 12 uses the cleanest sample: 12 contracts for which the firm’s payment flow can be attributed
directly to one contract. (There are no contracts immediately before or after). In the final-report
quarter, the 25th percentile, median, and 75th percentile of cumulative payment are 8, 24, and
65 percent of contract value. One quarter later they are 73, 100, and 100 percent. Thus, the
distribution shifts sharply after the final report: in the median project, the remaining amount is
recorded as paid in the following quarter.

Panel B expands the sample to all contracts with a matched final report and allocates the exact
firm-quarter YJV flow across the firm’s open Works contracts in proportion to contract value, subject
to each contract’s unpaid balance. The average cumulative paid share rises from 33.8 percent two
quarters before the report to 56.9 percent in the report quarter, 65.5 percent one quarter later, and
69.0 percent two quarters later. This panel confirms that there is a rapid increase in payments

around the date of the final report completion.
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Panel A: Contracts with directly attributable payments
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Panel B: All contracts with a matched final report
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Figure 12: Payment clearing around a recorded final report
Notes: Event time is measured in quarters relative to the date of the Final Report. Panel A shows

cross-sectional percentiles of cumulative project-attributable VAT payments divided by VAT-exclusive
contract value, capped at one. Eleven of the 12 contracts are observed in the report quarter because one
report occurs after the end of the VAT panel. Panel B shows mean cumulative contract-level YW after
proportionally allocating the exact firm-quarter portfolio flow across started and unpaid Works contracts.
In total, 124 contracts have a Final Report, but 34 have reports that end after the end of the VAT panel
and so are excluded. Shaded bands are 95% confidence intervals based on standard errors clustered by

firm.
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Table 5: Reported project completion and payment clearing

Payment at report All reports Non-final only
Payment after signed end Unpaid share Not 90% paid
Specification Raw Controls Raw Controls Raw Controls
(1) (2) (3) (4) (5) (6) (7)
Reported completion share 0.641*** 0.510** 1.04%**
(0.157) (0.221) (0.152)
Report-coded delay -0.022 0.016 0.139 0.133
(0.070) (0.071) (0.098) (0.095)
Mean dependent variable 0.551 0.551 0.509 0.397 0.397 0.702 0.702
Contract value and duration controls No Yes No No Yes No Yes
SE clustered by Firm Firm Firm Firm Firm Firm Firm
Sector fixed effects v v v
Report-year fixed effects v
Start-year fixed effects v v
Observations 108 108 26 121 121 121 121
Firms 62 62 20 65 65 65 65

Notes: Each contract uses its last recorded report, which may be Final or non-Final (i.e., progress report).
Payment at report is cumulative Y divided by contract value. End-point outcomes are measured one quarter
after the signed contract end. Controlled specifications include contract value, scheduled duration, sector fixed
effects, and report- or start-year fixed effects. Standard errors are clustered by firm.

A.5.2 Reported completion and payment clearing

Table 5 uses the last available report for each matched contract. A 10 percentage point (pp) increase
in reported physical completion is associated with a 5.1pp increase in cumulative YW, conditional
on contract value, scheduled duration, sector, and report year. Contracts coded as delayed are
13.3pp more likely not to have reached 90 percent payment one quarter after the scheduled end,

although this estimate is not statistically significant.

A.5.3 Consistency across project and portfolio measures

As a final check, Figure 13 compares the portfolio clearing rate with an on-time indicator constructed
for the subset of contracts whose payment flows can be attributed to individual projects. Across
264 firms, the correlation between mean portfolio clearing and the share of projects paid at least 90
percent by scheduled end plus one quarter is 0.675. The correlation is 0.651 among the set of 55
firms with at least two attributable projects. Thus, the portfolio measure preserves the project-level
ranking where both are observed.

In summary, payments increase around independent reports of completion, physical progress
predicts cumulative payments, and the portfolio measure agrees with project outcomes where direct
attribution is possible. Together, these validation checks support interpreting YW as the Works

projects execution measure.
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Figure 13: Project-level on-time payment and portfolio clearing
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Notes: The sample contains 264 firms, 332 attributable projects, and 2,427 positive-backlog firm-quarters. A
project is on time if cumulative YW reaches at least 90 percent of VAT-exclusive contract value by scheduled
end plus one quarter. Portfolio clearing is the firm’s mean quarterly clearing rate across positive-backlog
quarters. Each firm receives equal weight. Because 209 of 264 firms have a single attributable project, the
firm-level outcome is essentially binary (Panel A); Panel B’s bin means are therefore the share of firms in each
bin whose projects are on time. Panel B reports the IMSE-optimal number of quantile-spaced bins (15) in the
firm mean portfolio clearing rate using (Cattaneo et al., 2024) in R; whiskers are 95% Cls.

B Supporting Empirical Evidence

B.1 Firm categorization requirements

The RPPA category assigned to a firm reflects four documented forms of capacity: average con-
struction turnover over the previous five years, executed-contract references, owned equipment, and
permanent senior staff. Table 6 reports the turnover and past executed-tender requirements for
the three sectors studied in the paper: Buildings, Roads and Bridges, and Drinking Water Supply.

These requirements applied to firms requesting a category during the sample period.

Table 6: Partial requirements for firm categorization

Category  Tender value Five-year average turnover = Executed tenders: # and value of each

A > 2 bn > 1.5 bn 2; each > 1.2 bn
B 1.5-2 bn 1.0-1.5 bn* 2; each 0.9-1.2 bn*
C 0.8-1.5 bn 0.6-1.0 bn™ 2; each 0.48-0.90 bn*
D 0.3-0.8 bn 0.25-0.60 bn 1; 0.18-0.48 bn

E 0.1-0.3 bn 0.075-0.25 bn 1; 0.06-0.18 bn

F < 0.1 bn None None

Notes: Values are in billions of RWF. Stars identify the exceptions summarized here. For Drinking Water
Supply, the turnover requirement is 1.1-1.5 billion RWF in category B and 0.6-1.1 billion RWF in category C;
the category-C executed-tender requirement is 0.50-0.90 billion RWF. Executed tenders must fall within the
previous five years. Roads and Bridges divides categories A and B into A1/A2 and B1/B2. Al and B1 require
asphalt-road project references, whereas A2 and B2 require road-construction project references; their numerical
thresholds are the same. The category-B reference cell is marked to flag this distinction. The manual also
specifies asphalt-specific equipment and staff experience for A1 and B1, and owned equipment and permanent
senior staff in all sectors. Source: Rwanda Public Procurement Authority (2014).
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B.2 Category eligibility binds in the bidding data

Table 7 shows results whether the tender eligibility requirements are enforced. The sample includes
all National and International Competitive Bidding, NCB and ICB respectively, bids in the three
main sectors, Buildings, Roads and Bridges, and Drinking Water Supply, before October 2023. In
the combined sample, 99.5 percent of bids come from firms in the tender category or no more than

two categories above it, and the same is true of winning bids.

Table 7: Category eligibility among observed bidders

Sector Bids Lots Firms Eligible bids Same cat. One above Two above
All main sectors 7,034 1,704 766 99.5 67.0 20.1 12.4
Buildings 5,190 1,172 696 99.6 71.1 16.9 11.5
Roads and Bridges 850 287 152 98.7 53.3 27.3 18.1
Drinking Water Supply 994 245 184 99.6 56.8 30.8 12.0

Notes: NCB and ICB bids in the three main Works sectors before October 2023, restricting to observations
with classified tender and firm categories. “Eligible bids” is the share of bids in which the firm is in the
tender category or one or two categories above it. The final three columns decompose the bidder—tender
category relationship.

B.3 Category progression in the structural sample

Figure 14 compares the first and last observed category of each firm-sector pair in the structural

sample. Most pairs remain in their initial category, while movement through the ladder is almost

A (N=19) 5% 0% 0% 0% 0%
B (N=4) 0% 0% 0% 0%
Share
100%
C (N=34) 24% 3% 0% 0%
75%
50%
D (N=71) 4% 7% 18% WL 0% 0% 250
E (N=23) 0% 0% 4% 9% 9%
F (N=314) 1% 1% 3% 6% 5%
F

A B C D E
Last observed category

entirely upward.

First observed category

Figure 14: Category progression in the structural sample
Notes: The unit is a firm-sector pair in the structural sample. Rows show the first observed category and

columns show the last observed category through October 2023. Cells report row shares; row labels report
the number of firm-sector pairs. The sample contains 465 firm-sector pairs held by 394 firms. Categories A
and B combine the Roads and Bridges subcategories A1/A2 and B1/B2.

B.4 Paid experience and approval of category-upgrade requests

Table 8 compares firms requesting the same sector-specific category transition in the same quarter.

Applicants with more cumulative paid Works experience are more likely to be approved. Meeting
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the stated value requirement for the requested category is associated with a 10.3 percentage point

higher approval probability, relative to an 88.5 percent mean.

Table 8: Paid experience and approval of category-upgrade requests

Outcome Category-upgrade request approved
(1) (2) (3) (4)

Log(1 + paid experience / target requirement)  0.056**  0.114**
(0.028)  (0.054)

Paid experience meets target requirement 0.103*** 0.151*
(0.036) (0.084)
Firm experience controls No Yes No Yes
Request-quarter X sector X origin X target FE Yes Yes Yes Yes
SE clustered by Firm Firm Firm Firm
Observations 338 338 338 338
Mean dependent variable 0.885 0.885 0.885 0.885
Request events 201 201 201 201
Firms 164 164 164 164

Notes: The unit of observation is a sector-specific category-upgrade request. Paid experience is cumulative
Works payments, P;;, measured by the quarter before the request. The target requirement is the stated value
requirement for the requested sector and category. Firm experience controls include firm age, prior observed
Works contracts, and prior category requests. Standard errors are clustered by firm.

B.5 Sources of variation in portfolio clearing

Table 9 reports the explanatory power of successively richer sets of covariates for the quarterly
portfolio clearing rate. I begin with only including quarter fixed effects. I add “Portfolio workload”
controls, which include the value of the firm’s existing portfolio, the value of new awards, and the
number of active contracts. This substantially increases the Adjusted R? to 0.145. I then add
Procuring entity (PE) composition covariates, which include the share of the firm’s portfolio value
that is contracted with the PE, the share of contracts located in the firm’s own district, indicators
for the number of procuring entities that the firm is contracting with, and a HHI index of value
across procuring entities. These covariates aim to summarize the newness of the firm’s relationships
with the PEs and how concentrated the firm’s contracts are. Next, I add prior PE payment controls,
which include the value-weighted mean of each PE’s earlier clearing rates for contracts between the
PE and other firms. These are payer-side controls that aim to control for PE payment delays to firms.
Despite the richness in these controls, the adjusted R? only increases to 0.149. Adding firm-level
covariates, including category, prior-year VAT sales, paid experience, prior Works contracts, and
number of quarters in the market, increases the Adjusted R? modestly to 0.193. Finally, adding
firm fixed effects more than doubles the adjusted R? to 0.431, providing suggestive evidence that

the clearing rate contains an important unobserved firm-specific component.
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Table 9: Explaining variation in portfolio clearing

Specification Adjusted R?
Quarter fixed effects 0.034

+ Portfolio workload 0.145

+ PE composition 0.148

+ Prior PE payment 0.149

+ Firm size and experience 0.193

+ Firm fixed effects 0.431
Observations 1,784
Firms 233

Notes: The outcome is the quarterly portfolio clearing rate &: = Y,-XV/Xit. The sample contains
firm-quarters with a positive Works portfolio and at least 5 million RWF of scheduled Works

execution, retaining firms observed in at least three such quarters.

B.6 Payment-measured execution quality and tender evaluation

Table 10 tests whether the portfolio-clearing component predicts disqualification process and bid
award. I use bid-level Linear Probability Model regressions to test whether the predetermined
portfolio clearing score predicts disqualification for any reason, disqualification for technical reasons,
and contract award (lowest bid among qualified). For award, I also include bid-rank Fixed Effects.
The coefficient for disqualification for any reason is negative and marginally statistically significant,
but all other regressions show no evidence that the clearing score (the proxy for firm quality) predicts
disqualification or bid award. Conditional on the price ranking that determines award, firms with

higher clearing rates are no more likely to win.

Table 10: Payment-measured execution quality and tender evaluation

Any disq. Technical disq. Award Award

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

Predetermined clearing score -0.031°* -0.014 -0.027 -0.001

(0.017) (0.012) (0.030) (0.006)
Bid-category controls Yes Yes Yes Yes
Current scheduled backlog Yes Yes Yes Yes
Tender-lot FE Yes Yes Yes Yes
Bid-rank FE No No No Yes
Sample Entrants Entrants Qualified Qualified
Clustered SEs Firm Firm Firm Firm
N 3,216 3,216 1,742 1,742
N firms 183 183 161 161

Notes: Bid-level LPMs. The quality proxy is the standardized predetermined portfolio-clearing score of
Appendix A.3, fixed at the end of a firm’s third positive-portfolio quarter. The regression sample includes bids
submitted at or after the quarter in which the bidder’s score is calculated. Columns 1 and 2 use all bids, while
columns 3 and 4 use bids were not disqualified. Relative to column 3, column 4 includes bid rank Fixed Effects.
All specifications absorb tender-lot fixed effects and control for bidder category, the bidder—tender category
gap, and current scheduled backlog. Standard errors are clustered by firm.
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C Estimation Details

C.1 Detailed State Accounting

This appendix describes the state panel used by the model. Let AW;; be the total VAT-exclusive
signed value of Works contracts awarded to firm 4 in quarter ¢, so AWy = Zza/vit 2, and let ?JV
be RRA payments allocated to those Works contracts. Starting from the observed stock B;; at the

beginning of the quarter, I construct

Xit = Bit + AWy,

Y = min{V;{", X},
Biy1 = Xi — Yy,
Witt1 = Wit + AWy,

Piyy1 =Wit1 — Bigyr.

The initial cumulative-award stock is the VAT-exclusive signed value of observed awards before the

estimation window, subject to W9 > Byg. 1 set Pjg = W;9 — Bjo; hence the recursion gives
t—1
Py=Po+Y» YW =Wi— By.
7=0

Thereafter the recursion uses awards and payments only. I verify the recursion against the indepen-
dently constructed backlog panel in every overlapping firm-quarter.

Constructing the payments this way has two important timing properties. First, an award
enters neither B;; nor W;; before its award quarter. Second, its full VAT-exclusive signed value
enters X;; before the quarter’s clearance draw. Thus, realized commitments and payments use
the same VAT-exclusive signed contract value. The continuation value’s win—lose calculation is
different: because zj is not observed when bids are submitted, it uses the engineering estimate z,
as a predetermined proxy for the prospective award increment, similar to (De Silva et al., 2023).

Under this approximation, the continuation gain is fixed with respect to the bid.

C.2 Execution-type likelihood

The three components of (32) are logits in the standardized log outstanding work,

£ log X;; —log X
it —
sd(log X)

where the mean and standard deviation are taken over the risk-set quarters, those with X;; >
0. Execution type enters each component through the single common loading A¢, as in (33).
Standardizing log X;; absorbs the mechanical dependence of the cleared share on the size of the

stock, so A¢ is not identified from firm scale. Restricting the three type effects to a single A with
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this sign pattern is what delivers the stochastic ordering (8), and fixes which mixture component is
denoted H.

For each observation in the risk set, i.e., has outstanding work X;; > 5mill. RWF, the likelihood
uses the clearance rate &;; € [0, 1] from (6). Let fg(+;a,b) denote the Beta density. Under (32) and

(33), the execution component of the firm likelihood is

poo(Xit), it =0,
£50)= I 1 —poo(Xir)lpro(Xie), €t =1,
=0 [1 = poo(Xit)][1 — p1o(Xit)] fB (fit; 15(Xit) 6, [1 — uf)(Xit)M) , 0< & <1

The common positive loading A¢ implies

por (X) < por(X), p1(X) > p1o(X), 15 (X) > 5 (X).

The Beta precision ¢ is common across types. Repeated zero payments, partial payments, and
complete clearance, conditional on the total remaining portfolio, therefore all contribute to type

classification.

C.3 Sector-specific categories and sector entry

Firm-level total backlog and payment are shared across sectors, while registration is sector-specific.
So, experience gained in Buildings can contribute to a higher probability of upgrading in Roads &

Bridges. For every active sector m, the RPPA category upgrade policy is

Py

va'ﬁ:im,t

and updates the firm’s category in that sector, s, using the sector-specific payment threshold
T kim..- While the thresholds are allowed to be sector-specific, in practice they are almost all equal

across sectors (see Table B.1).

C.4 Exogenous policy estimates

This appendix collects the policies the model takes as given rather than recovers from optimizing
behavior: the RPPA category transition kernel, the industry entry and exit hazards, and the
aggregate state and its law of motion. Each is estimated once, on its own sample, and then held
fixed for the remainder of estimation. Bootstrap intervals do not account for the uncertainty in the
estimation of these policies. The estimated primitives — the clearance process, the participation

policy, and the cost equation — are reported in Appendix E.
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C.4.1 RPPA category transitions

The promotion hazard (30) and destination rule (31) are estimated on observations at the firm-sector—
quarter—level, excluding category A, which cannot be promoted. The sample used for estimation
contains 5,081 firm—sector—quarters covering 357 firms.

Table 11 reports the fitted promotion hazard by origin category and paid-experience ratio. The
hazard rises steeply in P throughout, and it does so smoothly. Crossing the stated requirement
raises the promotion probability substantially, but not to probability 1. This is consistent with the

legal criteria also requiring contract counts, equipment, and professional staff that I do not observe.

Table 11: Fitted quarterly promotion hazard, by origin category and paid experience

Paid experience relative to requirement, P
Origin 0 (0,0.5] (0.5,1] (1,2] (2,4] (4,8 > 8

0.005 0.006 0.009 0.015 0.029 0.062 0.110
0.006 0.007 0.011 0.018 0.034 0.072 0.127
0.012 0.015 0.023 0.038 0.071 0.143 0.238
0.019 0.023 0.037 0.059 0.108 0.208 0.330
0.025 0.030 0.047 0.076 0.136 0.256 0.392

QU E™

Notes: Quarterly probability of moving to any higher category. Entries are the sector-pooled policy,
which is used in the value computation. Sector-specific hazards are also estimated and are used where
a sector-specific transition is required. Category A is omitted because it cannot be promoted.

Conditional on promotion, Table 12 reports where firms go. Firms primarily move up to the
adjacent category from E and D, while promotions out of F' and C are more dispersed. Upgrades

from categories £ and D are restricted to at most two ranks. Moves from F' are unrestricted.

Table 12: Destination shares conditional on promotion

Destination category

Origin E D C B A
F 0.599 0.237 0.101 0.055 0.009
E 0.928 0.072

D 0.892 0.108

C 0.589 0.411
B 1.000

Notes: Shares average the sector-pooled destination distribution across paid-experience bins. Rows
sum to one. Blank cells are destinations the policy does not assign positive probability.

C.4.2 Industry entry and exit

Table 13 reports the entry and exit fitted hazards. Exit falls with backlog and, more steeply, with
paid experience. Entry is a function of the aggregate state (new firms have no individual state).
These hazards are assumed to be exogenous policy functions and used in the value computation.

The model measures value before the survival draw: only surviving firms receive the current auction
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Table 13: Industry entry and exit hazards
Entry Exit

Constant —2.452 —1.898
Category F —0.636
Category D —0.703
Category C' —0.724
Category B —0.469
Category A —0.102
log(1 + By) —-0.371
log(1 + Py) —0.760
Aggregate state, A —0.064 —0.096
Aggregate state, B —0.064 —0.019
Aggregate state, C 0.002 0.070
Aggregate state, D 0.376 0.073
Aggregate state, E —0.225 —0.198
Firm-quarters 7,916 4,726
Event rate 0.081 0.100
Log loss 0.274 0.310
Brier score 0.073 0.087
Holdout firm-quarters 579 1,083
Holdout log loss 0.444 0.358
Holdout Brier score 0.130 0.104

Notes: Table reports logit coefficients for the entry and exit hazards as defined above. Category
F' is the omitted category in the exit model; the entry model conditions on the aggregate state
alone, since the risk set is defined before a firm’s first Works bid. Aggregate-state components
are the standardized four-quarter qualified-bidder moments of (27). Values are measured in
billions of Rwandan francs.
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flow and proceed to the next state. The firm’s final bid date is used to to measure the firm’s exit.
The sample for structural estimation ends in 2023Q3, but the full sample ends in 2025Q3, so I use
the quarters after the structural estimation to determine whether the firm bids again. A firm who
bid twice by 2023Q3 and at least once between 2023Q3 and 2025Q3 is not coded as having exited.

C.4.3 The aggregate state and its law of motion

The aggregate state summarizes the distribution of potential competitors by a small number of
moments that firms use to forecast future auction competition. I use the average number of qualified
bidders in each tender category, for categories E—A (those that firms can upgrade to).
Let A (k) be the set of Works lots in category k € {A, B,C, D, E} auctioned in quarter 7, and
let
N} = #{j: j submits a bid on ¢ and is not disqualified}.

At the beginning of quarter ¢, define

S Y W

g T=t—4 e A (k)

ny =—— , ke {A, B,C,D,E},
> A(R)]
T=t—4
and collect these five numbers in §; = (ﬁf, . ,ﬁfj ). The four-quarter window ends before ¢, so

neither a firm’s current participation choice nor the current auction’s realized bidder count enters
its own state. A window with no category-k lot is assigned the mean over all earlier category-k lots,
and zero only before the first category-k lot appears in the data.

The participation, bid, entry, and exit specifications use standardized log(1 + nF). For the
conditional-choice-probability step, each log component is discretized at into terciles into low,
medium, and high values (across the time series). I use only the 22 distinct combinations that ever
occur during the 24 sample quarters, instead of the possible 3° = 243 possible combinations. I fit a
multinomial logit for the probability that each category bin moves to low, medium, or high next
quarter, as a function of all 5 current bins. The joint transition is the (normalized) product of the
five component probabilities. Figure 15 shows how the five components evolve over the estimation
window. The series are persistent within category but not across categories, illustrating varying

degrees of competition across categories.

C.5 Type posterior and bid policy
C.5.1 Observed-data likelihood

For firm ¢, let Df, D¢, and Di-’ denote its execution, participation, and bid histories. Let C; collect

the initial measured state and the opportunity and tender characteristics treated as conditioning
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Figure 15: Evolution of the aggregate state

Notes: Each series is a component of s;: the mean number of qualified bidders per tender in that category

over quarters t —4,...,t — 1. Category B is the category with least number of auctions, averaging 3.9
tender-lots per four-quarter window compared with 39.5 for category F, so its component is the most
volatile.

variables. The state s;; appearing in each contribution is predetermined relative to that outcome: it
is constructed recursively from the initial state and outcomes observed before the current draw.
Conditional on permanent type, the chain rule gives
D5, DY, DY | 6; = 0,C;
p ' 79 7 ’ 1T Y
7

= (D 1 6: = 6.¢:) p(Dr | D6, = 0.C;)
X p<1>§? | D¢, DS, 0; = a,ci) . (50)
The maintained conditional-independence restriction states that, after conditioning on the
current state, tender characteristics, and permanent type, a transitory execution draw contains no

additional information about the participation or bid draw. Transitory draws are also independent

across quarters and auctions. A bid is observed only when the firm submits a qualified bid, i.e.,
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aser = 1. Disqualified bids are excluded. It follows that

p(D5, D, D! | 6, = 0,C1)
= [I fiten | X
teDs

x H [Pz,m] ot [1 — pg,iﬂt] L=aie
(6t)eD?

X H fg(bift | aipr = 1aX€a5it7§t)
(¢,t)eD?

= L5(0)L2(0)L2(H), (51)
where
Pg,m = GG(X& Sit, Et).

Equation (50) follows from the chain rule. The product representation in (51) follows from the
maintained Markov and conditional-independence restrictions.

The baseline specification uses a constant mixing share,
Summing over permanent types therefore gives

Li= Y woLi(0)L{(0)LN(0). (52)
0c{L,H}

Backlog evolves mechanically from the initial state, new awards, and observed clearance. The
exogenous policies — category promotion, entry, exit, tender-arrival, and aggregate-state — are

estimated separately.

C.5.2 Econometrician’s type posterior

The participation outcome is = 1 only when the firm’s submitted bid is not disqualified. The

econometrician’s posterior is

w; = P(0; = H | D5, DY, DY). (53)

1

D Auction Inversion and Value Computation

D.1 Category distribution beliefs and the bid hazard

I parametrize normalized bids to follow a type-specific conditional Gamma function whose conditional
mean depends on normalized backlog, log(1 + ]5), the aggregate state, project scale, bidder count,

sector, quarter, and firm-category—tender-category cells. Firm ¢ knows its own bid function (because
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it knows 6;), but not rivals’ bid functions. Let fg ;(b | Xx¢, sj¢,5¢) denote the type-specific bid density
and let Fy ;(b | xo, 8jt,5t) = 1 — Fy (b | X0, Sjt, 5¢) denote its survival function.

For lot £, set m = my, so rival j’s eligibility category is Kjm+. Let wh x;,,, be the estimated
share of type-H firms in category k. These six category shares are common prior beliefs and are
constructed from the estimated posterior masses in the relevant eligibility categories. Once rival j is
observed in the entrant set, the prior is reweighted by the type-specific participation policy as in
(16). Write the resulting probability as wje. For rival j, define the perceived density and survival

function

mlx(b | X5 Sjtast) - w]ftfH,j(b | XfaS]bSt)

+ (1= @jeel fr.j (0 | xes s¢, 5e),
FP™(b | xe, 85t 5t) = @50 F (b | X0, 8jt, 5¢)
+[1 = @l Fr;( | xe, sjt, 5t)- (54)

The perceived contribution of rival j to the procurement hazard is the hazard of this mixture. Thus,

bidder i’s hazard is ]
Z fmlx(b | Xfasjtvgt)

H;(b| Jut) = F () | x50, 51) (55)
€T\ {i} Xt Sjty St
Writing he ; = fo,;/ FGJ for the type-specific hazards,
£3<(b) Fp ;(b) Fr(b)
2L =%, hg i (b 1 — Qi) ==L hr (b 56
ijrmx(b) Wilt Fmixny lex(b) H]( )+( wﬂt) ijlx(b) LJ( )7 ( )

a survival-function-weighted average of the type hazards whose weights depend on the bid.

D.2 Derivation of the bid first-order condition

From the value function to the bid objective. Fix a project ¢ in which firm ¢ participates.
The bid is chosen after the firm observes its cost, the entrant set, and its rivals’ public states. Hold
the firm’s actions and outcomes in its other quarter-t tenders fixed, and split the expectation in
(21) by the outcome of the focal auction: with probability G;(b | Jp:) the firm wins, collects b — ¢,

and continues from S:Vﬁl, otherwise it continues from s%offrl The terms involving b are

Gilb | Tu) b~ cin + BEVa (1551, 5041) | + [1 = Gilb | T)] BEVa (551, 5041)
=Gi(b| Ju)[b— ciet + Dint] + BE Vp,(s Site15141),
where the equality adds and subtracts the losing continuation value and applies the definition of D,y
n (22). The losing continuation does not depend on b, flow profits from the firm’s other quarter-t¢

tenders enter additively, and the survival probability multiplies the entire bracket in (21); none of
these affect the optimal bid. This yields the objective (23).
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First- and second-order conditions. Suppress indices and write the expected payoff from bid

b as
u(b) = G(b)(b—c+ D),

where G'(b) < 0 in a low-price auction. The engineering cost estimate increment and clearance
transition process are both fixed before bidding, so the continuation gain satisfies 9D /0b = 0. The
first-order condition is

G(b) + G'(b)(b—c+ D) = 0.

Therefore, G(b)
b 1 1
bt D= =G T Zam)an) - HY)

which yields (24). The second-order condition is

2G'(b) + G"(b)(b— ¢+ D) < 0.

The empirical support restricts attention to bids for which the first-order inversion is well defined

and the estimated rival hazard is positive.

D.3 Value computation

The value computation follows the procedure of (De Silva et al., 2023), adapted for discrete time
(their model is in continuous time). Let M, denote the “no-award” transition matrix that simulates
that firms win no tenders in the future for type 6 under the estimated policies. This transition
matrix integrates over clearance, payments, paid experience, category promotion, exit, and the
aggregate state law of motion, and its row sums incorporate the estimated probability of survival,
but it sets new prospective awards to zero. Let Hg‘ denote the vector, over the empirical state
grid, of the survival-weighted auction surplus II'(s) = E[Gp(B | J)/Hy(B | J) | s,0], where the
expectation is over participation, project arrivals and characteristics, the firm’s own bid, the realized
rival set under the estimated policies.

This expectation is estimated from the observed bids. The per-bid ratio, G / H , is regressed on
project characteristics, the firm’s state, the aggregate state, and type, and the fitted conditional
mean, multiplied by the participation probability and the arrival intensities, is evaluated on the
grid. By the first-order condition above, G(b)/H(b) = G(b)(b — ¢ + D) bid by bid, so ITy equals the
expected current profit inclusive of the continuation value of winning. This step does not use the
construction cost parameters. Let Vg stack the state-specific value function Vjy(s, ) over the same

grid. The stacked value function is
Vi = (I - M)~y (57)

The no-award matrix is required because l_[g)4 already carries the value of prospective awards. I

solve the linear system once per type on the empirical state support, then calculate the continuation
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gain of each observed award from the resulting Vg by applying the discount factor 5. I then recover

the construction cost parameters from the bid first-order condition.

E Additional Estimates and Model Fit

This appendix reports additional first-stage and cost-equation estimates of the estimated specification
to the ones reported in the main text. Appendix coefficients point estimates, with 95% percentile
intervals from 300 firm-bootstrap draws. Table 2 in the main text reports the cost equation’s type,
state, scale, category and sector coefficients. Table 14 below reports the project controls and the

variance slope.

Table 14: Execution: ZOIB clearance process

Parameter Estimate 95% CI
No-clearance intercept, o 0.077 [—0.156, 0.290]
No-clearance standardized log backlog, ﬁg —0.001 [—0.188, 0.173]
Full-clearance intercept, o —1.851 [—2.114, —1.610]
Full-clearance standardized log backlog, Bf —1.331 [-1.619, —1.029]
Partial-mean intercept, a, —0.480 [-0.639, —0.327]
Partial-mean standardized log backlog, ﬂﬁ —0.806 [—0.942, —0.663]
Log type loading, log A\ —0.392  [-1.252, —0.027]
Log Beta precision, log ¢ 0.738 [0.625, 0.891]
Logit H share, o —1.396 [—1.865, —0.971]

Notes: The nine-parameter finite-mixture clearance model of Appendix C.2. The
single type loading \¢ = exp(log )\5) shifts all three components toward faster clearance
for the High type. The backlog variable is standardized as in (33). At the median
post-award backlog the implied expected clearance per quarter is 0.224 for the Low
type and 0.423 for the High type. Confidence intervals are 95% percentile intervals
from the 300 firm bootstrap draws.

Table 15: Participation logit

Parameter Estimate 95% CI
Constant, 64 —3.450 [—4.083, —2.624]
Current backlog, dp —0.242 [-0.339, —0.163]
Paid experience, dp —0.488 [-0.650, —0.337]
Same category, s —0.728 [-1.030, —0.361]
Category gap, 0r —1.204 [-1.431, —0.947]
Mean backlog, 05 0.454 [0.285, 0.691]
Mean paid experience, dp 0.617 [0.349, 0.911]
Mean same category, 0 0.086 [—0.753, 0.729]
Mean gap, 05 0.870 [0.373, 1.301]
High-type intercept, g 1.331 [1.054, 1.593]

Notes: A positive outcome is a submitted bid that is not disqualified before evaluation.
Aggregate-state controls are estimated but omitted here. Confidence intervals are
95% percentile intervals from the 300 firm bootstrap draws.
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Table 16: Additional second-stage

coefficients: project costs

Parameter Estimate 95% CI
Project controls

BOQ log item count (standardized) 0.109 [0.005, 0.196]
BOQ item count missing —0.163  [—0.824, 0.406]
Log advertised duration (standardized) —0.017  [-0.093, 0.068]
Advertised duration missing 0.034 [—0.967, 1.237]
Procuring entity: district —0.128 [-0.457, 0.249]
Procuring entity: government agency —0.068 [—0.409, 0.285]
Procuring entity: hospital 0.009 [—0.338, 0.417]
Procuring entity: ministry —0.019 [-1.211, 0.311]
Lagged material-price shock (standardized) 0.018 [—0.033, 0.060]
Material-price shock missing —0.182 [-0.611, 0.420]

Notes: Coefficients are in units of the engineering cost estimate. The type, state, scale, firm-
category, tender-category and sector coefficients of the same equation, and the cost dispersion
o, are reported in Table 2. Confidence intervals are 95% percentile intervals from the 300 firm
bootstrap draws.

E.1 Model fit

Table 17 compares selected statistics from the model’s predictions compared with the data at
observed states with qualified bidders. Overall, the model’s predictions are close to the data. The
model slightly over-predicts mean quarterly backlog clearance (0.280 against 0.260) and the median
submitted bid. It slightly under-predicts participation and the median winning bid.

Table 17: Model fit statistics

Moment Data Model
Auction participation and bids

Mean participating firms per tender-lot 2.13 1.89
Median bid / engineering cost estimate 0.981 1.023
Median winning bid / engineering cost estimate 0.923  0.800
Quarterly backlog clearance

Mean share of backlog cleared 26.0% 28.0%

Notes: Simulated at observed states using the estimated participation and bid policies, on the 1,319 lots
of the estimation sample; the winning bid is the lowest qualified bid, with the simulated rival standing in
on one-qualified lots.

E.2 Counterfactual exhibits
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Figure 16: Opening tenders to lower categories: outcomes by degree of loosening

Opening tenders to lower categories: tenders of categories E to A
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Notes: Tenders of categories E to A; status quo and 0.5, 1 and 2 categories opened below the tender (0.5 admits
firms one category below to the smaller half of the category, at or below its median estimate). Submissions per
lot, in total and by newly eligible firms; percentage change in the sum of winning bids on the lots awarded
both in the counterfactual and in the status quo; change in the share of awarded value won by high-type firms
(percentage points) and the level of the share won by newly eligible firms; change in expected completion time,
weighting lots by the winning bid. Whiskers are two Monte Carlo standard errors across 20 replications.
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