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Abstract

Why does state effectiveness vary so much both across and within countries? Can we attribute the
variation to the individuals and organizations carrying out the tasks defined by government policies?
And what are the implications for policy design? We first use a new text-based machine learning
method to assign the goods purchased in 25 million public procurement auctions conducted in Russia
from 2011 to 2016 to comparable categories. We show that the individual bureaucrats and organiza-
tions in charge of procurement together explain one-third of the within-category variation in prices
achieved, and that effective procurers lower auction entry costs, which in turn lowers prices. We then
analyze the implications of heterogeneity in effectiveness for the impact of a ubiquitous procurement
policy: granting bid preferences to a specific group of bidders. Consistent with a simple endogenous
entry auction model with variation in auctioneer effectiveness, we find that when the bureaucracy is
effective, favoring firms supplying domestically produced goods lowers entry and increases prices,
but when effectiveness is low, the effect is reversed. These results demonstrate that there are large re-
turns to the state from improving bureaucratic effectiveness, but that appropriately designed policies
can compensate for low effectiveness.
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1 Introduction

Many policies work well in some countries or regions and poorly in others. Value-added taxes generate
the intended paper trails and tax compliance in most developed countries, but rarely do so in develop-
ing countries (Bird & Gendron, 2007; Collier, 2014). The NREGA employment guarantee scheme sup-
ports poor workers and helpes complete important infrastructure programs in some Indian states, but
is largely unused in others (Gulzar & Pasquale, forthcoming). The postal services in Algeria, Barbados,
and Uruguay comply with the policy of returning incorrectly addressed letters to sender, but the ones
in Cambodia, Russia, and Tajikistan do not (Chong et al. , 2014). The list of examples is long and cov-
ers nearly all areas of policymaking (Rodrik, 2009). At the same time, recent research has documented
dramatic differences in the characteristics of the bureaucrats and organizations that implement states’
policies both across and within countries.1 To what extent does the effectiveness of the bureaucratic ap-
paratus help explain the variation in public sector “output” achieved under a given policy regime? And
what are the implications for policy design?

To shed light on these questions, we focus on a well-defined form of output produced throughout
the public sector – prices paid for goods procured – and use administrative data covering the universe
of procurement auctions in Russia from 2011 to 2016. We show that under a standard policy regime
that treats all suppliers equally, a third of the variation in prices paid is attributable to the bureaucratic
apparatus. However, when a policy regime favoring domestic suppliers is introduced, supplier entry
and prices improve in auctions run by ineffective procurers, but worsen in auctions run by effective
procurers. Our results demonstrate that there are large returns to increasing bureaucratic effectiveness,
but that policies designed taking the existing level of bureaucratic effectiveness into account can act as a
partial substitute for increasing individual and organizational effectiveness.

There are three parts to our empirical analysis. We start by developing a text-based machine learning
method that assigns procurement purchases to homogeneous bins. This allows us to compare bureau-
crats and organizations across the country performing the same task. We then exploit the fact that many
bureaucrats (procurement officers) are observed working with multiple end-user organizations (for ex-
ample ministries, schools or hospitals) and vice versa, providing us with thousands of quasi-experiments
that can be used to estimate the causal effect of specific bureaucrats and organizations on prices paid.
To do so, we combine the variance decomposition method introduced by Abowd et al. (1999, 2002) with
split-sample and shrinkage tools to correct for sampling error. In the third part of the paper, instead
of holding the policy environment constant and varying the procurers, we hold the bureaucrat and or-
ganization constant and vary whether a particular procurement policy applies. We study a policy that
provides bid preferences to suppliers of domestically produced goods. Using the fact that the policy ap-
plies to an evolving set of goods and is “turned off” parts of each calendar year, we estimate its average
impact on prices paid, and how the impact differs for bureaucrats and organizations of different levels
of baseline effectiveness.

To guide our empirical analysis, we develop a stylized model of public procurement auctions. In the

1Finan et al. (forthcoming) present a great overview of the literature.
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model, potential suppliers decide whether to participate in procurement auctions by trading off their
expected profits against the participation costs imposed on them by the government’s bureaucracy. As a
result, ineffective bureaucracies that impose high participation costs attract fewer participants and pay
higher prices for the items they procure.2 Introducing bid preferences for domestically produced goods,
which we assume to be more expensive on average has two effects. First, it encourages entry by suppliers
of such goods, and second, it discourages entry by suppliers of foreign goods, such that the net effect
depends on the baseline level of entry. We show that for ineffective bureaucracies, the expected net effect
is higher entry and lower prices, while for effective bureaucracies, the expected net effect is the opposite.

We present four main empirical findings. First, we show that both individual bureaucrats and indi-
vidual public sector organizations significantly affect prices paid in a standard policy regime that treats
all suppliers equally. Together, the individuals and organizations of the bureaucratic apparatus account
for a third of the variation in the prices the government pays for its inputs. Of this effect, bureaucrats
and organizations each account for roughly equal shares of the variation. A battery of tests gives no
indication that the additivity of bureaucrat and organization effects and “exogenous mobility” assump-
tions needed to interpret our variance decomposition results causally are violated (as also tends to hold
in the labor economics literature on workers and firms in the private sector3). The variance decompo-
sition exercise thus informs us of the degree to which state effectiveness, in weak institutional contexts
such as Russia, can be enhanced by attracting more individuals at the high end of the performance
range observed public sector-wide, or by lifting organization-wide characteristics such as management
or “organizational culture” towards the high end of the range.

Second, having estimated the effectiveness of each of the bureaucrats and organizations in our sam-
ple, we correlate these reduced-form performance measures with a rich set of indicators on how success-
ful and less successful procurement auctions play out to determine what effective procurers do differ-
ently. We find that bureaucrats that perform well make fewer amendments to auction requests, demand
lower security deposits, and end up attracting more entrants, consistent with our conceptual framework
in which bureaucratic effectiveness lowers entry costs. Similarly, organizations that lower entry costs
perform better.4

Third, our difference-in-differences analysis of Russia’s “buy local” policy shows that, on average,
the bid preferences achieve the goal of channeling demand to the intended beneficiaries – suppliers of
domestically-made goods – at no cost to the government in that average prices paid are unaffected. This
contrasts with the results of studies of similar preference policies using more structural empirical meth-
ods in higher state effectiveness contexts. For example, a 5 percent bid preference for small businesses in
Californian road construction procurement is estimated to increase average costs by between 1 percent
and 4 percent (Marion, 2007; Krasnokutskaya & Seim, 2011).

Fourth, interacting the “buy local” policy with our estimates of bureaucrats’ and organizations’ effec-

2See Samuelson (1985); Levin & Smith (1994); Bulow & Klemperer (1996); Menezes & Monteiro (2000); Gentry & Li (2014);
Li & Zhang (2015).

3See e.g. Mendes et al. (2010); Card et al. (2013a,b, 2015); Goldschmidt & Schmieder (2015); Shelef & Nugyen-Chyung (2015);
Alvarez et al. (2016).

4This evidence complements an innovative paper by Lacetera et al. (2016) studying auctioneer effects in a different setting,
by shedding light on the channels through which successful auctioneers in the public sector are able to achieve lower prices.
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tiveness reveals that the average treatment effects obscure considerably heterogeneity across the range
of policy implementer effectiveness. The prices achieved by ineffective bureaucrats and organizations
decrease by about 15 percent when preferences apply, while the prices achieved by effective procurers
increase by a similar magnitude when preferences apply. Because ineffective bureaucrats and organiza-
tions have low baseline entry rates, for them, increased entry by suppliers of domestic goods outweighs
the tilting of the playing field against importers. The opposite is true for effective procurers, consistent
with our conceptual framework.

This paper contributes to the literatures on state effectiveness, individual workers and firms in the
labor market, and methods for “transporting” estimated treatment effects across settings. The particular
state activity we consider is public procurement, which makes up roughly 8 percent of worldwide GDP
and 10 percent of Russia’s non-resource GDP (Schapper et al. , 2009). Procurement is one of the few
state activities where “output” produced – prices obtained – is well-defined, measurable, and compa-
rable across the entire public sector. The arrival of comprehensive procurement data has thus enabled
researchers to begin to answer some of the key open questions on state effectiveness (see e.g. Bandiera
et al. , 2009; Ferraz et al. , 2015; Lewis-Faupel et al. , 2015). We make a methodological contribution to
this and other literatures where classification of goods is a challenge: we show how text analysis can
be used to ensure that within-category quality differences are minimal while maintaining generality by
not restricting the sample to very specific types of goods.5 Substantively, we demonstrate the extent to
which state effectiveness depends on the individuals and organizations that make up the bureaucratic
apparatus. This evidence adds to and extends recent studies on the more localized benefits of attracting
“better” public sector workers (see e.g. Dal Bo et al. , 2013; Ashraf et al. , 2014; Hanna & Wang, 2015;
Bertrand et al. , 2016; Callen et al. , 2016; Deserranno, 2016) or improving management or organizational
culture (see e.g. Bandiera et al. , 2011; Rasul & Rogger, forthcoming; Bloom et al. , 2015a,b).

Having demonstrated that state effectiveness is partly embodied in the bureaucratic apparatus, we
document that there are important consequences for policy design. The type of procurement policy we
focus on – favoring a specific group of firms – is very common in both rich and poor countries (see Athey
et al. , 2013). Our results add to those from studies of the effects of asymmetric auction rules on partici-
pation and prices (see for example Brannman & Froeb, 2000; Flambard & Perrigne, 2006; Marion, 2007;
Krasnokutskaya & Seim, 2011; Bhattacharya et al. , 2014). However, using our effectiveness measures,
we are able to go beyond average effects to explore how optimal policy depends on the individuals and
organizations in charge of procurement. We show a specific way in which the policy rules governing
public procurement should arguably differ when the entities implementing policy are more versus less
effective. These results build on recent theoretical (Laffont, 2005; Estache & Wren-Lewis, 2009; Besley &
Persson, 2009) and empirical work (Greenstone & Jack, 2015; Best et al. , 2015; Burgess et al. , 2012; Duflo

5The difficulty of categorizing goods accurately so as to ensure like for like comparisons has long dogged several literatures.
Existing work tends to take one of three approaches: Pricing (observable) quality attributes through hedonic regressions;
comparing only within pre-existing good categories such as the codes assigned to traded products by customs authorities;
and/or restricting attention to especially homogeneous goods such as cement or block ice. In instead using text analysis to
classify categories to compare, we follow an innovative study by Hoberg & Phillips (2016). Their method has similarities to
ours, but differs in that they classify firm similarity based on text listing the various goods firms produce (we instead classify
good similarity based on text describing each purchase), and in that they pre-specify the desired number of clusters/categories.
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et al. , 2013, 2014; Jia, 2014) starting to unpack how policies that work well in rich countries may not work
well in lower income countries, and how precisely policy should be tailored to context.

We also contribute to the literature that estimates effects attributable to individual workers and firms
in the labor market. We follow the seminal work of Abowd et al. (1999, 2002) (hereafter “AKM”) on pri-
vate sector labor markets showing how worker and firm fixed effects can be separately identified within
sets connected by worker mobility.6 This paper is to our knowledge the first to estimate how the indi-
viduals and organizations that make up the public sector matter.7 In addition, our application differs in
that, rather than wages, we study direct measures of performance (or “productivity”).8 While private
sector applications have combined workers performing different tasks,9 we are able to focus on bureau-
crats and organizations who perform the same task. We also show how to combine the AKM method
with tools to correct for sampling error deriving from having finite samples on each individual and
each organization (Scott, 1948; Lancaster, 2000). To do so, we adapt split-sample methods (Finkelstein
et al. , 2016; Silver, 2016) and methods directly estimating the signal and noise components of the esti-
mates’ variances and combining them to form minimum-mean-squared-error predictors, akin to Kane &
Staiger (2008); Chetty et al. (2014); Chetty & Hendren (2015).10 This allows us to estimate how much of
the variation in output across the public sector is explained by the bureaucratic apparatus.11

Finally, we contribute to a recent methodological literature studying how an average treatment effect
(ATE) estimated in one setting can be used to predict the effects of the relevant policy or program in
another (Vivalt, 2016; Dehejia et al. , 2016; Gechter, 2016; Rokkanen, 2016). In decomposing the ATE into
conditional treatment effects that are specific to bureaucrats and organizations of a given level of effec-
tiveness, we follow the literature on heterogeneous treatment effects (see e.g. Heckman & Smith, 1997;
Angrist, 2004; Deaton, 2010; Heckman, 2010) – although few previous studies consider treatment ef-
fects that condition on an unobserved (and therefore estimated) characteristic such as effectiveness. Our
findings extend those of recent studies comparing program effects across branches of private firms or
private-versus-public status of the implementing agency (see Bold et al. , 2013; Allcott, 2015; Vivalt, 2015;
Blader et al. , 2016) by documenting how the impact of public policies can depend on the effectiveness of
the particular individual or organization in the public sector who is in charge of implementation.

The rest of the paper is organized as follows. Section 2 presents an endogenous entry auction model
with variation in auctioneer ability that guides our analysis. Background on the Russian public procure-

6Abowd et al. (1999, 2002) spawned a large empirical literature using employer–employee matched datasets to address a
range of important questions in labor economics. See, among many others, the papers cited in footnote 3. See also Bertrand &
Schoar (2003) and the literature that followed on CEO effects.

7Jones & Olken (2005) and Yao & Zhang (2015) show how national and sub-national political leaders matter for economic
growth.

8Wages do not necessarily reflect productivity (Eeckhout & Kircher, 2011; Card et al. , 2015), but are important objects in and
of themselves.

9Carneiro et al. (2012) and Cardoso et al. (2016) show the potential importance of accounting for differences in tasks.
10To our knowledge, two-dimensional shrinkage estimators like the ones we develop have not been used before.
11In a related innovative paper, Bertrand et al. (2016) study how the incentives of elite bureaucrats in Indian states (due

to variation in cohort size/competition for promotion) matter for bureaucratic performance and aggregate outcomes. Duflo
et al. (2013); Khan et al. (2016); Callen et al. (2016); Deserranno (2016) also present important experimental evidence on how
performance incentives affect bureaucrats’ or public sector workers’ performance. The reason that the methodology we use
has not been feasible in previous work is partly that measuring output and thus productivity in the public sector is notoriously
difficult, and public sector–wide datasets with sufficient power from countries where state effectiveness is an issue are rare.
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ment system and information on the data we use is in sections 3 and 4. In Section 5, we estimate the
effectiveness of individual bureaucrats and organizations and their contribution to public sector output.
In Section 6 we analyze the impact of the “buy local” policy and its interaction with procurer effective-
ness. Section 7 concludes.

2 Conceptual Framework

In this section we present a stylized model of public procurement in which two potential suppliers
choose whether to try to get to sell an item to the government. The government uses an auction to
award the contract and determine the price at which it buys the item. Suppliers must pay an entry cost to
enter the auction; these entry costs serve as our reduced-form device for modeling state effectiveness. In
Sub-section 2.1 we trace out how the level of state effectiveness affects supplier participation and prices
achieved in procurement. Then, in Sub-section 2.2, we show how introducing bidding preferences for
specific types of suppliers can have opposite effects depending on whether state effectiveness is high or
low.

2.1 A simple model of procurement auctions with endogenous entry

Consider a government wishing to purchase an item from one of two potential suppliers. To make the
purchase, the government uses a second-price descending auction with a publicly announced reserva-
tion price normalized to 1. In order to participate in the auction, bidders must pay a participation cost
of c. This c represents the direct costs of preparing the technical and other documents required to par-
ticipate, the liquidity costs of paying the deposit for participation, and the cost of attending the online
auction. c may also include side payments to the procurer.12

In the first stage of the procurement process, the two potential suppliers, F and L, observe the an-
nouncement of the item to be procured and the participation cost c, and each supplier privately learns
her cost of fulfilling the contract, vi, i = F ,L. The suppliers’ fulfillment costs are independently dis-
tributed, but bidder F is, on average, more efficient than bidder L. To capture this as simply as possible,
we assume that both bidders’ fulfillment costs are uniformly distributed with CDFs GF (vF ) = U [0, 1]
and GL (vL) = U [µ, 1], where 0 < µ < 1.13 Upon learning their fulfillment cost, the suppliers simultane-
ously decide whether or not to pay the entry cost and enter the auction.

In the second stage of the procurement process, if only one supplier chose to enter the auction, she
is awarded the contract at the reservation price of 1. If neither supplier chose to enter, the procurer
randomly picks a supplier and awards her the contract at a price of 1.14 Finally, if both suppliers enter,

12Bandiera et al. (2009) find that 80 percent of waste in Italian procurement is due to low bureaucratic ability rather than
corruption. In this paper we are agnostic about whether some procurers display higher entry costs than others because they
are corrupt or because they are less effective. In our framework, the two sources of entry costs have the same impact on the
equilibrium outcomes we focus on, namely participation and prices.

13The positions of the upper and lower bounds of the distribution are innocuous. Uniformity is a simplifying assumption
that, while unrealistic, allows us to derive simple, closed-form expressions.

14A more realistic assumption would be that if no supliers enter the procurer has to re-run the auction at some cost, which
would make the model dynamic. The assumption we make simplifies the exposition by making the model static. The qualita-
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they take part in a second-price descending auction.
Both suppliers choose their entry and bidding strategies to maximize expected profits. Since bidder

valuations are independent, it is a dominant strategy for bidders to bid their fulfillment cost in the
auction. Denoting the bidding strategy of supplier i with fulfillment cost x by bi (x), we have bF (x) =

bL (x) = x.15 As a result, the winner is the bidder with the lowest fulfillment cost; she receives the
contract at the other bidder’s fulfillment cost. At the entry stage, we posit that the equilibrium involves
supplier F entering if her fulfillment cost is below a threshold value dF , and bidder L entering if her
fulfillment cost is below a threshold dL.16

We outline the equilibrium here, relegating a detailed characterization of the equilibrium and the
proofs of propositions to Appendix A. Working backwards from the second stage, we write supplier i’s
expected profits if she enters with fulfillment cost v and suppliers enter according to dF , dL as

Ui
(
v; dF , dL

)
= mi

(
v; dF , dL

)
− qi

(
v; dF , dL

)
v (1)

where mi

(
v; dF , dL

)
is the expected payment supplier i receives if she enters with fulfillment cost v, and

qi
(
v; dF , dL

)
is the probability that supplier i receives the contract if she enters when her fulfillment cost

is v. The probabilities of winning are given by

qi
(
v; dF , dL

)
= Pr

(
bi (v) < bj (vj) |vg ≤ dj

)
Pr
(
vj ≤ dj

)
+ Pr

(
vj > dj

)
i, j ∈ {F ,L}, i 6= j (2)

Since the bidding strategies are chosen optimally, we can use the integral-form envelope theorem (Mil-
grom & Segal, 2002; Milgrom, 2004) to rewrite expected net profits and expected payments as17

Ui
(
v; dF , dL

)
=
∫ 1

v
qi
(
x; dF , dL

)
dx

mi

(
v; dF , dL

)
=
∫ 1

v
qi
(
x; dF , dL

)
dx+ qi

(
v; dF , dL

)
v

The entry thresholds are given by the suppliers who are indifferent between entering and paying the
entry cost, and staying out and receiving the contract with probability 1/2 if the other supplier also
stays out. That is, the entry thresholds satisfy

UF
(
dF ; dF , dL

)
− c = 1

2 (1− dF )
1− dL
1− µ (3)

UL
(
dL; dF , dL

)
− c = 1

2 (1− dF )(1− dL) (4)

tive results are unlikely to be affected by this simplification.
15See, for example, Milgrom (2004) or Krishna (2010).
16This is the equilibrium that the auction literature with endogenous entry has focussed on (see, for example, Samuelson

(1985), Krasnokutskaya & Seim (2011), Roberts & Sweeting (2015), Gentry & Li (2014)), though other equilibria may exist.
17Strictly, Ui

(
v; dF , dL

)
= Ui

(
1; dF , dL

)
+
∫ 1
v qi

(
x; dF , dL

)
dx. However, since a supplier with fulfillment cost of 1 never

makes a profit, Ui

(
1; dF , dL

)
= 0.
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In this equilibrium, the expected number of entrants is

E [n] = GF
(
dF
)
+GL

(
dL
)

(5)

and the expected price the government will pay for the item is

E [p] = EvF
[
mF

(
vF ; dF , dL

)]
+ EvL

[
mL

(
vL; dF , dL

)]
+
[
1−GF

(
dF
)] [

1−GL
(
dL
)]

(6)

combining expected payments to the entrants with the payment in the case of no entrants.
The following proposition shows how the entry costs that procurers impose on potential suppliers

relate to the number of entrants and the prices the government pays.

Proposition 1. Procurers who impose higher entry costs on potential suppliers (i) attract fewer entrants, and (ii)
pay higher prices.

dE [n]

dc
< 0 & dE [p]

dc
> 0 (7)

Proof. See Appendix A.2.

2.2 Introducing bidding preferences for domestic goods

In the previous Sub-section, while the suppliers were asymmetric, the government treated them sym-
metrically. In this Sub-section we introduce bidding preferences favoring local products. Specifically, if
bidder F bids bF and wins, she only receives γbF , where γ ≤ 1, while if bidder L wins, she receives her
full bid. In this setting, it is optimal for bidder F to shade her bids so that what is received when she
wins is equal to her true fulfillment cost vF . As a result, her optimal bid function is bF (x) = x/γ. Bidder
L’s optimal strategy is the same as in a standard second-price auction–to bid her true value bL (x) = x.
Apart from this, the procurement process is as before.

In this case, the probability of winning is

qF
(
x; dF , dL

)
= Pr

(
bF (x) < bL (vL) |vL ≤ dL

)
Pr
(
vL ≤ dL

)
+ 1× Pr

(
vL > dL

)
= Pr

(
vL >

x

γ
|vL ≤ dL

)
dL − µ
1− µ +

1− dL
1− µ (8)

qL
(
x; dF , dL

)
= Pr

(
bL (x) < bF (vF ) |vFdF

)
Pr
(
vF ≤ dF

)
+ 1× Pr

(
vF > dF

)
= Pr

(
vF
γ
> x|vF ≤ dF

)
dF +

(
1− dF

)
(9)

but otherwise all the steps in characterizing the equilibrium are as before.18

The following proposition summarizes the impact of introducing bidding preferences favoring local
products, emphasizing how the effects are different depending on the entry costs procurers impose on
sellers.

18Appendix A.3 contains the details.
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Proposition 2. Bidding preferences favoring local manufacturers have opposite effects for buyers who impose high
and low entry costs. For buyers who impose high entry costs, preferences lead them to attract more bidders and pay
lower prices, while for bidders who impose low entry costs, preferences lead them to attract fewer bidders and pay
higher prices. Price changes and changes in participation rates are monotonically decreasing in baseline prices and
participation rates, respectively.

Formally, (i) for every γ ∈
(
γp, 1

)
, there exists a c̃p (γ) ∈ [0, c] such that E [p|c, γ]− E [p|c, γ = 1] < 0 for

all c > c̃p (γ) and E [p|c, γ]− E [p|c, γ = 1] > 0 for all c < c̃p (γ), where γp = arg minγ [p|c, γ] < 1.
Similarly, for every γ ∈ (γn, 1) there exists a c̃n (γ) ∈ [0, c] such that E [n|c, γ]− E [n|c, γ = 1] > 0 for all

c > c̃n (γ) and E [n|c, γ]− E [n|c, γ = 1] < 0 for all c < c̃n (γ), where γn = arg maxγ E [n|c, γ] < 1.
Moreover, (ii)

∂E [p|c, γ]− E [p|c, γ = 1]
∂c

< 0 (10)

∂E [n|c, γ]− E [n|c, γ = 1]
∂c

> 0 (11)

Proof. See Appendix A.4.

Intuitively, without preferences (γ = 1), higher cost procurers depress entry and hence raise prices.
They do so particularly for local bidders, since they tend to have higher fulfilment costs and hence
lower expected profits from entering the auction.19 Then, when preferences are introduced, this lowers
expected profits for foreign suppliers and so discourages their entry. On the other hand, the preferences
increase expected profits for local suppliers by giving them a better chance of winning, and so encourage
their entry. This latter effect is strongest for high cost procurers, who were suppressing entry by local
bidders the most in the absence of preferences. As a result, for high cost procurers the net effect is to
increase participation and lower prices. Conversely, for low cost procurers, who weren’t suppressing
entry by local bidders as much in the absence of preferences, the net effect is to decrease participation
and increase prices.

3 Public Procurement Auctions in Russia

3.1 A decentralized system with centralized rules

In 1991, following the collapse of the Soviet Union, and alongside the creation of market institutions,
the Russian government created the institutional capacity to perform public procurement. As with most
other state institutions, the system created was, and remains, extremely decentralized. Each government
agency has the legal authority to make its own purchases and there are no centralized purchases (such
as framework contracts).

While the legal authority to make purchases is decentralized, the legal framework governing pro-
curement is centralized. Competitive bidding for all purchases above USD 35,000 became mandatory

19Formally, we show in appendix A.3 that the entry thresholds of the foreign and local bidder satisfy dF − γdL =
√

2γcµ.
Hence, the gap between the foreign and local bidders’ entry thresholds is increasing in c.
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in 1997 (Yakovlev et al. , 2010),20 and in 2005, the procurement rules and regulations governing ten-
der processes at all levels of government were harmonized.21 The main aims of the legislation were
to encourage greater competition, save on government expenditures, increase transparency, and reduce
corruption (Krylova & Settles, 2011). For example, new provisions assigned criminal and administrative
liability for individuals and legal entities violating anti-monopoly legislation, all enforced by the Fed-
eral Antimonopoly Service and Arbitration Courts.22 In addition, a key innovation of the law was the
creation of a centralized official procurement website (http://zakupki.gov.ru/), launched on January 1,
2011, which provides comprehensive information to the public and suppliers about all federal, regional,
and municipal level purchases, and which is our main data source.

3.2 Procurement through auctions

During our data period, procurement represents an average of 10 percent of Russia’s non-resource GDP,
and a large share of the government’s budget. Four main types of procurement mechanisms are avail-
able: electronic (open) auctions (53.5 percent of procurement), open tenders (19.8 percent), open requests
for quotations (2.3 percent), and single source procurement (21.3 percent).23 Since bureaucrats and or-
ganizations may affect procurement outcomes in very different ways under different purchase mecha-
nisms, we restrict our attention to electronic auctions, which represent the bulk of public procurement.
Government officials view auctions as the most potent way to reduce the scope for bureaucrats or orga-
nizations to collude with sellers, so our estimates of how individual bureaucrats and organizations affect
outcomes should be viewed as lower bounds.

Since July 10, 2010, all auctions are conducted through one of five designated web sites.24 All an-
nouncements, protocols, results, and contracts from the auctions on these five sites are also housed on
the central nationwide procurement website (http://zakupki.gov.ru/). Figure 1 traces the steps involved
in a procurement process; we now go through these.

Each procurement starts with an auction announcement. The announcement contains technical de-
tails of the product(s) to be purchased, a maximum allowable price, the required security deposit (be-
tween 0.5 and 5 percent of the maximum price), other participation requirements and the date of the
electronic auction. Our data, described in greater detail below, contains 5,054,498 announcements. In or-
der to participate in an auction and compete for a contract, suppliers must first obtain accreditation. This

20However, the absence of comprehensive legislation at this time contributed to a multitude of problems, including the
inability to effectively monitor purchases across the country and gather statistical data on spending (McHenry & Pryamonosov,
2010).

21This was done by Federal Law No. 94-FZ On the Placement of Orders for the Procurement of Goods, Work and Services
for State and Municipal Needs, which entered into force on January 1, 2006.

22Convicted violations could incur significant fines, disqualification, and imprisonment of up to five years for perpetrators.
23These four account for roughly 97 percent of all procurement during the time period. Appendix table D.3 shows usage of

these methods over time. Other methods used much more rarely include closed auctions, two-stage tenders, and closed two-
stage tenders. In interesting contemporaneous work to our paper, Andreyanov et al. (2016) use the timing of bid submissions
in open requests for quotations to study corruption and collusion in procurement conducted under this mechanism.

24The five platforms are run by the Republic of Tatarstan (http://etp.zakazrf.ru/), the Moscow city government
(www.roseltorg.ru), Sberbank (www.sberbank-ast.ru), RTS Index Agency (www.rts-tender.ru) and MMVB-Information Tech-
nologies (www.etp-micex.ru). Government agencies posting tenders can choose which platform they will use.
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requires that suppliers are not in a state of bankruptcy, are not currently being punished by administra-
tive law, do not have substantial unpaid taxes, and are not listed in the registry of suppliers who have
committed violations of procurement rules during the last two years. Suppliers must also submit their
security deposit. Finally, suppliers must prepare a formal application, consisting of two parts. The first
part describes the good or service that they are offering to fulfill the procurement order; it can include
product codes, sketches, and photographs to explain how the terms of the order will be met. The second
part contains information on the supplier itself (name, address, etc.), licenses, accreditation, and past
records of any other contracts fulfilled. Importantly, until the auction is concluded only the electronic
trading platform has access to the second part of the application.

A procuring commission designated to oversee the auction receives and evaluates the first part of
the application before the auction is held; no information on the identity of the supplier is revealed
at this time. Applications to participate in auctions are denied if the supplier cannot pay the security
deposit, their accreditation expires in three months or less, or their proposal is deemed not to comply
with the requirements of the auction. In the event that only one supplier is approved to participate in
the auction, the auction is declared “not held”, the procuring commission receives the second part of the
supplier’s application, and a contract is drawn up with that supplier at the initial (maximum) price. This
is a relatively common occurrence; in 1,344,825 cases, or 27 percent of the purchases, there is only one
eligible participant. If there are no approved applicants, either because no suppliers apply or because all
applicants are rejected, the purchase is cancelled. This occurs in 13 percent of auctions.

If more than one supplier is approved, the auction is held. All eligible suppliers are given a new and
unique “participant number” to track their activities during the auction and protect their identity. At the
specified time, all participants log in to the online platform and participate in a descending second-price
auction. Qualifying bids must lower the current winning bid by discrete increments of between 0.5 and
5 percent of the initial (maximum) price. Information on the amount of a bid, the time entered, and the
participant number is immediately made all available to all auction participants. The auction continues
until ten minutes have passed since the most recent qualifying bid.

Following the conclusion of the auction, the procuring commission receives and reviews the second
part of the applications. These contain the identifying information for the auction participants, but do not
allow for suppliers to be linked to the specific bids they submitted during the auction. During this sec-
ond stage, the procuring commission checks the applications to make sure the suppliers’ accreditations,
names, tax ID numbers, registration, founding documents, and documents confirming participation in
the tender are correct. Among the set of bidders deemed to be in accordance with the rules, the contract
is signed with the participant who submitted the lowest bid.25

While the auction mechanism we study contains many built-in safeguards against corruption and
collusion (such as anonymizing all documents and bidder identities during the auction) we cannot rule
out that collusion between participants – or between participants and the bureaucrat and organization in
charge of the auction – takes place. Note, however, that we are fairly confident that the goods purchased

25Declining to sign a contract after winning an electronic auction carries strict penalties for a supplier, including a three year
ban from participating in future procurement processes.
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are delivered.26 That is, to the extent that corruption takes place in these auctions, it likely affects the final
price paid and which firm wins the contract by manipulating how many and which firms participate
in the auction. As such, the effects of collusion on the number and type of participants and the final
price will be captured by our effectiveness estimates if individual bureaucrats and organizations are
differentially corrupt (or differentially able to stop bidders from collusion). We thus believe that our
estimates capture what a government should care about in the short term: the price paid for goods of
a given type/quality that are actually delivered. From a longer term perspective, governments should
also care about the allocative question of whether the “right” firms win contracts, but this is beyond the
scope of our paper. If corruption channels demand to potentially less productive firms, the associated
welfare consequences would not be captured by our estimates.

3.3 The role of bureaucrats and organizations in procurement

Public procurement purchases are made on behalf of a public sector entity that we will refer to as the
organization. This organization requests that an item be procured, accepts delivery of the purchased
item, uses the item, and pays for it. The organization may for example be a school, hospital or ministry
at municipal, regional or federal level. As described above, the legal authority to make procurement
purchases is decentralized to the level of these individual organizations. In order to make a purchase,
the organization must pair with a procurement officer – we refer to these individuals as bureaucrats – to
help organize and conduct the auction. Bureaucrats can either be “in-house” employees of the organi-
zation, or be employees of an external public agency whose bureaucrats conduct procurement auctions
on behalf of multiple organizations. Such agencies can be organized by a given authority (for example
an education or health ministry/department), at federal, regional, or municipal level, and its bureau-
crats either required to conduct a specified subset (defined by the type of good to be purchased and/or
reservation price of the contract) of the purchases of the organizations that fall under the authority’s
oversight.27 Importantly, organizations are not able to choose whether to perform procurement in-house
or through a procurement agency. Each federal authority, region or municipality sets rules dictating the
use of either an in-house or external bureaucrat, depending on the size of the contract and the nature of
the items being purchased that must be followed.

During the Soviet Union period, the civil service was centralized, and specialized bureaucrats were
trained within a network of Higher Party Schools that was designed to supplement higher education
in universities (Huskey, 2004). Afte the Russian Federation declared independence in 1991, the net-
work of Higher Party schools collapsed under both fiscal and political pressure, leaving academies to
fend for themselves in a new market for higher education. As a result, the education and labor market

26Less than 1 percent of the auctions in our sample suffered from “bad execution” (the supplier not carrying out his or her
duties adequately, suppliers going bankrupt or disappearing, documents not being properly entered after the signing, a court
order canceled the contract because of a dispute, etc.).

27Part of the motivation for allowing the creation of public agencies with bureaucrats who can handle purchases for multiple
organizations was to allow different organizations purchasing the same or similar goods to join forces so as to achieve lower
per-unit prices. In practice, the highly decentralized nature of procurement means that such joint purchases are rare, both
because each participating organization is required to specify its own reservation price and technical documentation, and also
because organizations need to initiate and coordinate joint purchases themselves.
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for procurement bureaucrats is extremely decentralized.28 Individuals interested in working in public
procurement seek out educational and employment opportunities on an independent basis. In some
instances, employers might request that candidates have completed professional training or obtained a
certificate from an accredited institute that validates their knowledge of the electronic tender platforms.
But interviews with experts and a review of recent procurement officer job vacancies posted to open
online job boards revealed that the primary requirements are simply a legal education and knowledge of
the existing laws (94-FZ, 44-FZ, and related normative acts) governing state tenders.29 Moreover, in all
cases we are aware of, the procurement bureaucrats are paid a flat salary, with no pay for performance
element.

Since 2014, the division of labor between the organization and a potential external bureaucrat has
been specified by law. The organization must submit all technical documentation, and choose and justify
a reservation price. After this documentation is posted online, the organization and bureaucrat together
designate a “procuring commission” consisting of at least five members to oversee the auction process,
including assigning a chairman, deputy chairman, and secretary. These individuals must not have any
connections to potential suppliers of the procurement order. The bureaucrat is on the committee, except
in special circumstances. The organization also signs the contract once the winning bidder has been
chosen. The external bureaucrat, with the help of the committee, is in charge of first stage review of
applications, the auction itself, and second stage review of applications.30 As far as we are aware, the
same or a similar division of labor between the bureaucrat and his/her superiors in the organization
applies when in-house bureaucrats are used, and also applies in purchased conducted before 2014. There
is thus wide scope for both the bureaucrat and organization in charge to affect how the procurement
process is conducted, and hence on the final outcomes.

3.4 Preferences for domestically-made goods

As part of reforms passed in 2005, the Russian government established a system to provide for special
treatment of – “preferences” for – some types of firms when they participate in electronic auctions and
open tenders. Three types of preferences were created: preferences for small and medium enterprises,
preferences for organizations working with the disabled, and preferences for suppliers that make their
goods and services in Russia. In this paper, we focus on the preferences for producers of Russian goods,
who received a 15 percent preference from 2010-2015.

The preferences regime worked as follows. Each year from 2011 to 2014 a list of goods for which pref-
erences for local producers applied was drawn up. The government order defining this list was passed

28 The Russian government has not adopted a single approach to educating bureaucrats nor does it operate a centralized civil
service administration to recruit, train, and assign public servants to postings around the country (Barabashev & Straussman,
2007). Instead, officials have encouraged market-based, institutional pluralism whereby regional academies, nongovernmental
education institutes, and private companies compete in offering educational services to budding bureaucrats. Examples of
such institutes offering trainings in the procurement sector include ArtAleks http://artaleks.ru/, the Granit Center http:
//www.granit.ru/, and the Higher School of Economics https://igz.hse.ru/.

29We include screenshots of recent online job ads in the Appendix.
30The one exception to this are “Kazennyie organizations”, which can delegate all functions of the process to a centralized

bureaucrat.

12

http://artaleks.ru/
http://www.granit.ru/
http://www.granit.ru/
https://igz.hse.ru/


by the Ministry of Economic Development in May or June and remained in effect for the remaining part
of the calendar year (through December 31st), after which the system of preferences ceased to operate
until a new list had been created for the following year. The 2014 list was extended through December
31st, 2015; the first time a list had been in effect for more than a year. As such, preferences were never
applied to procurements conducted the first period of each year from 2010-2014. The goods for which the
preferences regime applied were identified by a unique product code, either from the OKDP (2011-2013)
or from the OKPD (2014-2015), two official national classification systems used in Russia. Organizations
filing procurement requests for any goods on this annual list were required to publicly inform partic-
ipants that preferences for producers of Russian goods would be applied.31 Goods where preferences
were in place spanned numerous categories, including various types of food products, textile and furs,
clocks, medical equipment, and automobiles. Importantly, the preferences regime did not ban foreign
companies from participating in auctions and tenders. The country of origin of a good was defined as
that country where the good was completely produced, or where it underwent significant reprocessing.

For the preferences to be applied, at least one application offering a foreign-made good and at least
one application offering a Russian-made good had to have been submitted during the first stage of the
auction process. If the firm that submitted the winning bid in the electronic auction had offered a foreign
good in its application, then the contract it was offered to sign would be for 85 percent of its final bid.
Therefore, the advantage given to local producers was that a winning firm supplying a foreign good
would receive 15 percent less than their final winning bid. As always, declining to sign a contract after
winning an electronic auction carried strict penalties for a supplier.

4 Data

4.1 Auction data

Our data on auction requests and final contracts comes from the Unified Register of Federal and Munic-
ipal Contracts located at http://zakupki.gov.ru/. This centralized site houses information on all public
procurement in Russia from 2011 to the present-day. We collected data on the universe of electronic auc-
tion requests, review protocols, auction protocols, and contracts from January 1, 2011 until December 31,
2015. In all, we have information on 5,054,498 requests, though not all of these tenders are successfully
concluded with a contract signed at the end of the process. Figure 1 maps our data onto the specific
procurement procedures described in Section 3.

A great deal of previous work has faced the challenge of assigning products to categories so as to
ensure that quality differences within categories are minimal. Broadly, three potential approaches have
been pursued. First, much literature in housing and industrial organization thinks of products as bun-
dles of underlying utility-generating attributes, collects data directly on the attributes assumed to be rel-
evant, and uses hedonic regression analysis to estimate consumers’ demand for attributes and/or sup-

31Significant penalties were incurred for those caught not applying preferences to an auction where the good being procured
was on the list for that calendar year. Individual bureaucrats could be fined 15,000 rubles (∼USD 500), while organizations
could be fined 50,000 rubles (∼ USD 1600).
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pliers’ costs of producing attributes (Griliches, 1971; Rosen, 1974; Epple, 1987). The second approach,
prevalent in the trade literature, partitions the set of products into subsets within which products are
assumed to be relatively homogeneous, using product classifications recorded by customs or other au-
thorities (such as the Harmonized System codes) (Rauch, 1999; Schott, 2004; Broda & Weinstein, 2006),
or more recently, international barcodes used by retailers (see, for example, Bronnenberg et al. (2015)
and Atkin et al. (2015)). A third approach has been to restrict attention to products that are by nature
especially homogeneous, such as cement and block-ice (see e.g. Syverson, 2004; Hortacsu & Syverson,
2007; Foster et al. , 2009). However, an issue with existing approaches to partitioning goods into compa-
rable categories is that success is typically achieved at the cost of losing generality.32 We are also in the
common situation of text fields being the most detailed information available on the goods transacted in
our data. We thus use text analysis methods from the machine learning literature to construct groups of
homogeneous products. These methods are not yet widely used in economics, but we show how they
can be used to construct consistent good classifications from good descriptions.33

Our method consists of four steps. First, we transform the raw product descriptions in our data into
vectors of word tokens to be used as input data in the subsequent steps. Second, we develop a transfer
learning procedure to use product descriptions and their corresponding 10-digit Harmonized System
product codes in data on the universe of Russian imports and exports to train a classification algorithm
to assign product codes to product descriptions. We then apply this algorithm to the product descrip-
tions in our procurement data. Third, for product descriptions that are not successfully classified in
the second step, either because the goods are non-traded, or because the product description is insuffi-
ciently specific, we develop a clustering algorithm to group product descriptions into clusters of similar
descriptions. Fourth, we assign each cluster in the third step a more aggregate 6-digit HS product code
in order to match to existing measures of product homogeneity for use in robustness exercises (Rauch,
1999; Khandelwal, 2010). Details are in Appendix C.

4.2 Pharmaceutical data

We also collect detailed data on procurement requests for pharmaceuticals, a sector where additional
information on market price and goods’ country of origin can be inferred using the brand name of the
drug procured. Preferences applied to all pharmaceuticals goods each year from 2011-2015. The Russian
government regulates the pharmaceutical market to ensure that certain drugs are available to prevent
and treat certain illnesses, compelling manufacturers of these medicines to register in a List of Vital and
Essential Medicinal Drugs (LVEMD). This list includes information on each drug’s International Nonpro-

32Generality suffers both from restricting attention to very specific types of goods, and, in a methodological sense, from the
fact that the existing methods that are more successful (at constructing homogeneous bins of goods) are often applicable only
when unusual types of data are available.

33In using text analysis to classify categories to compare, we follow Hoberg & Phillips (2016). Their goal differs in that they
classify firm similarity based on text listing the various goods firms produce, whereas we classify good similarity based on text
describing each purchase. Their method also differs in that they pre-specify the desired number of clusters/categories. See also
Gentzkow & Shapiro (2010); Hansen et al. (2014).
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prietary Name (INN) (a globally recognized term to denote the chemical substance of the medicine)34;
the name and location of the manufacturer; date of registration; and maximum price for sale on the Rus-
sian market. We use fuzzy string matching to combine the contract data on procured medicines with
corresponding entries in the LVEMD using each drug’s international brand name (international trade-
mark name), active ingredient (international nonproprietary name - INN), dosage (mg, g, mkg), active
units (IU), concentration (mg/ml, mkg/ml), volume (ml), and units (tablets, packages). This matching
allows us to identify the exact drug and producer for each contract item.

Table 1 presents summary statistics on pharmaceutical auctions that were held from 2011 to 2015.
Column 1 presents information on the sample of medicinal products that we were able to match to en-
tries in the LVEMD (referred to below as the LVEMD sample). Column 2 includes all auctions in the
pharmaceutical sector that had similar product codes to those in the LVEMD sample, but which we
were unable to find an LVEMD entry for. This missingness could either be because the medicine being
procured was not classified by the Russian government as “essential” or because sufficient information
on dosage and quantity was not available in contract data. Table 1 indicates that the two samples are
broadly similar. Though the number of medicinal auctions in our LVEMD sample is roughly one-third of
overall number in relevant medicine categories, the LVEMD sample covers the vast majority of Russian
regions and includes a large number of procuring organizations. Similarly, the proportions of procur-
ing organizations in the LVEMD sample working at various administrative levels (federal, regional, or
municipal) or across sectors (e.g. education, health, and internal affairs) are similar to those of the full
sample (rows 6-11).

4.3 Supplier firm data

We also collected data on all suppliers that participate in any stage of the procurement process. The pri-
mary dataset on suppliers is Ruslana, which is collected by the Bureau Van Dijk (BVD) agency. Ruslana
contains over four million Russian, Ukrainian, and Kazakh companies, covering a vast majority of regis-
tered companies that file financial information. All companies are by law required to submit accounting
data on an active basis. All statistics are standardized by the Russian Ministry of Finance and provided
to private agencies such as BVD for dissemination to end-clients.

5 Individuals and Organizations as Sources of State Effectiveness

We begin our empirical analysis by focusing on purchases made under a policy regime that treats all
suppliers equally. This allows us to focus on the role that the bureaucratic apparatus plays in shaping
public sector output, while holding the policy environment fixed. As shown in Figure [histogram of
prices], prices vary dramatically across purchases within good categories. In this section, we ask how
much of this variation can be attributed to individual bureaucrats and organizations.

34‘Essential Medicines and Health Products.’ World Health Organization. “http://www.who.int/medicines/services/inn/en/".
Accessed October 8, 2015.
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5.1 Empirical model

We model the final price paid in a procurement purchase as follows. Each item i destined for organiza-
tion j is procured by a bureaucrat indexed by b(i, j). The log price paid is

pi = Xiβ+ α̃b(i,j) + ψ̃j + εi (12)

where Xi is a vector of item-level controls, including log quantity, good fixed effects35, month fixed
effects and interactions between 2-digit HS product categories, years, regions, and lot size36; α̃b(i,j) is the
bureaucrat effect, ψ̃j is the organization effect; and εia is a residual. If bureaucrats are important drivers
of prices achieved, then we expect Var

(
α̃b(i,j)

)
> 0, and similarly, for organizations that drive prices,

Var
(
ψ̃j
)
> 0.

5.2 Identification and estimation

Separate identification of the bureaucrat and organization effects is made possible by the fact that some
bureaucrats make purchases with and for multiple organizations, and some organizations use multiple
bureaucrats to make purchases. However, it is not possible to identify the effects of all the bureaucrats
and organizations in the sample. Organizations are linked to each other by bureaucrats who make pur-
chases for multiple organizations, allowing us to partition the Nb bureaucrats and Nj organizations into
Ns mutually exclusive connected sets, each of which contains all the bureaucrats and organizations that
can be linked by chains of bureaucrat “mobility”. As shown by Abowd et al. (2002), within each con-
nected set s containing Nb,s bureaucrats and Nj,s organizations, we can identify at most Nb,s +Nj,s − 1
linear combinations of the α̃b(i,j)’s and ψ̃j ’s. Within each connected set, the bureaucrat and organiza-
tion effects are identified only relative to each other and so must be normalized to enable interpretation.
This also implies that comparisons across connected sets can only be made relative to the normaliza-
tions made in each connected set. That is, we will be able to identify E

[
Var

(
αb(i,j)

)
|s
]

but not the
unconditional variance, and similarly for the bureaucrat effects.

Faced with this issue, previous work has tended to restrict attention to the largest connected set
(which in administrative datasets on the private sector tends to contain over 90 percent of the workers
and firms), normalizing an arbitrary firm effect to 0, and estimating unconditional variances.37 How-
ever, due to the decentralized nature of the Russian procurement system and lower worker mobility
in the public sector, our data contains 32,127 connected sets. Nevertheless, the largest connected set
contains 36,733 of the 116,436 organizations in the full sample. To assuage potential concerns about the
representativeness of the largest connected set, we conduct our analysis in two samples. First we remove
any bureaucrat-organization pair that only ever occurs together (as in this case it is impossible to distin-
guish bureaucrats from organizations, and similarly for bureaucrat-good pairs and organization-good

35Hereinafter we refer to the good categories constructed using the method described in Sub-section 4.1 as “goods”.
36That is, we interact a more aggregate good-type indicator than the one we use to assign items to good categories with these

other controls.
37An exception is Card et al. (2015) who study the largest male and female connected sets in Portuguese data, and who

normalize the average effects of a subset of firms in each connected set to 0.
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pairs. We also require that all bureaucrats and organizations purchase at least five items. We label the
resulting sample – which contains all connected sets that fulfill these restrictions – the analysis sample.
In a second approach we restrict attention to the largest connected set in the analysis sample. Table 2
compares the analysis and largest connected set samples to the full sample. All three are broadly similar
in terms of the mean numbers of applicant and bidders, the sizes of the requests, as well as item-level
characteristics, such as quantity, price, and price per unit.

In the analysis sample that contains multiple connected sets, a natural normalization of the bureau-
crat and organization effects is to normalize each to have mean zero within each connected set and
augment the model to include an intercept, γs(b,j), specific to each connected set.38 We rewrite the model
in equation (12) as

pi = Xiβ+ αb(i,j) + ψj + γs(b,j) + εi (13)

We use (13) to decompose the variation in prices into its constituent parts as follows

Var(pi) = Var
(
αb(i,j)

)
+ Var (ψj) + Var

(
γs(b,j)

)
+ 2Cov

(
αb(i,j),ψj

)
+ Var (Xiβ)

+ 2Cov
(
αb(i,j) + ψj , γs(b,j) + Xiβ

)
+ 2Cov

(
γs(b,j), Xiβ

)
+ Var (εi) (14)

As shown in Appendix B, the effects in this augmented model are related to the underlying bureaucrat
and organization effects through the equations

αb = α̃b − αs(b) (15)

ψj = ψ̃j −ψs(j) (16)

γs(b,j) = αs(b,j) + ψs(b,j) (17)

where αs(b) is the mean bureaucrat effect in the connected set containing bureaucrat b, and similarly ψs(j)
is the mean organization effect in the connected set containing organization j. This allows us to relate
the variances of our estimated bureaucrat and organization effects to their variances within and between
connected sets using the law of total variance:

Var (α̃b) ≡ E [Var (α̃b|s(b))] + Var (E [α̃b|s(b)])

= Var (αb) + Var (E [α̃b|s(b)]) ≥ Var (αb) (18)

Var
(
ψ̃j
)
≡ E

[
Var

(
ψ̃j |s(j)

)]
+ Var

(
E
[
ψ̃j |s(j)

])
= Var (ψj) + Var

(
E
[
ψ̃j |s(j)

])
≥ Var (ψj) (19)

Var
(
α̃b + ψ̃j

)
≡ E

[
Var

(
α̃b + ψ̃j |s(b, j)

)]
+ Var

(
E
[
α̃b + ψ̃j |s(b, j)

])
= Var (αb + ψj) + Var

(
γs(b,j)

)
(20)

Equations (18)–(20) show that consistent estimates of the variances of the bureaucrat and organization

38Note that this is actually more normalizations than are strictly necessary. We only require one linear restriction per con-
nected set, while this normalization imposes two restrictions.
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effects in (13) provide lower bounds on the variances of the true bureaucrat and organization effects
in (12), respectively, and that we can construct the variance of the total effect of bureaucrats and or-
ganizations using our estimated bureaucrat and organization effects and our estimated connected set
intercepts.

Our variance decomposition method uses movements of organizations between bureaucrats and
between goods, and movements of bureaucrats between goods to identify how specific bureaucrats and
organizations affect prices. Our identification therefore relies on these movements being orthogonal to
the error term in equation (13). To illustrate the possible sources of endogenous mobility, we follow Card
et al. (2013b) and write the error term as consisting of five random effects:

εi = ηb(i,j)j + θb(i,j)g + κjg + ζj + ξb(i,j) + νi (21)

where g indexes the good being purchased. ηb(i,j)j is a bureaucrat-organization match-specific effect, and
similarly θb(i,j)g and κjg are match effects for bureaucrat-good and organization-good matches. ξb(i,j) and
νi are unit-root drift terms for bureaucrats and organizations respectively. νi is a transitory error term.

ηb(i,j)j represents price discounts (premia) that organization j achieves (suffers) when working with
bureaucrat b relative to αb(i,j) + ψj . Such match effects could arise if organizations work especially well
(or poorly) with specific bureaucrats. Similarly, it is possible that organizations and/or bureaucrats are
especially good (or bad) at procuring specific types of goods, which would be captured by κjg and θb(i,j)g
respectively. The unit root components reflect potential drift in the general ability of an organization or
bureaucrat over time. Such drift could for example reflect the organization/bureaucrat learning how
to achieve low prices, or potential bidders learning about the desirability of participating in auctions
managed by a particular organization/bureaucrat.39 The transitory term captures any remaining com-
ponents of the error term.

Stacking the N items, we can write the model in matrix form as

p = Xβ+ Bα+ Jψ + Sγ + ε (22)

whereB is theN ×Nb design matrix indicating the bureaucrat conducting each purchase [b1, b2, . . . , bNb ];
J is the N ×Nj design matrix indicating the organization purchasing each item

[
j1, j2, . . . , jNj

]
; and S

is the design matrix of connected set dummies [s1, s2, . . . , . . . , sNs ]. X contains the good category fixed
effects so that we can write Xβ = Gδ + X̃β̃, where G is the N ×Ng design matrix indicating the good
category to which the item being purchased belongs.

Estimating (22) by OLS40 will then identify the effects α,ψ, and γ under the following assumptions:

E [b′bε] = 0 ∀b; E
[
j′jε
]
= 0 ∀j; E

[
g′gε
]
= 0 ∀i; E

[
X̃′ε
]
= 0 (23)

39We assume that each of the three match effects has mean zero, and that the ζ and ξ components have mean zero but contain
a unit root. General time trends in the data will be captured by the month effects in X.

40As the dimensions of the matrices of fixed effects involved are large, rather than inverting a high-dimensional matrix, we
follow the AKM literature and solve the OLS normal equations directly using the lfe package for R written by Gaure (2015).
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which together implies that E [s′sε] = 0 ∀s. These orthogonality conditions allow for rich patterns
of sorting of bureaucrats, organizations, and goods. For example, bureaucrats can move to the higher
performing organizations over time, or effective bureaucrats can move systematically to high (or low)
performing organizations, without violating (23). Similarly, especially effective bureaucrats and orga-
nizations can specialize in the purchase of certain goods. What (23) does rule out is systematic sorting
based on unmodelled match effects between bureaucrats and organizations, bureaucrats and goods, or
organizations and goods. Such forms of “endogenous mobility” are a priori unlikely in the institutional
context of Russian public procurement (see Section 3). Nevertheless, we follow the existing literature,
especially Card et al. (2013b), and explore the possibility as follows.

First, bias can arise if organizations choose bureaucrats to work with based on a match-specific price
effect (as modeled by Mortensen & Pissarides (1994) and the related search literature in the context of
private sector labor markets). Under the assumptions in (21), an organization that switches from using
bureaucrat 1 to bureaucrat 2 can expect that the prices it pays will change by

E [p|b = 1]− E [p|b = 2] = α1 − α2 + E [εi|b = 1]− E [εi|b = 1] (24)

= α1 − α2 + E [η1j ]− E [η2j ] + E [θ1g]− E [θ2g]

+ E [ζj |b = 1]− E [ζj |b = 2] + E [νi|b = 1]− E [νi|b = 2] (25)

If organization-bureaucrat match effects influence organizations’ choice of bureaucrats, E [η1j ] 6=
E [η2j ]. To test for this possibility, we construct an event study analysis tracking organizations that re-
place the bureaucrat they work with. We define an “employment spell” as a sequence of at least three
purchases an organization-bureaucrat pair conduct together with less than 400 days between purchases.
Wherever possible, we then match each employment spell with the earliest future spell involving the
same organization but a different bureaucrat. This change of bureaucrats then constistutes an event.
We classify the two bureaucrats involved in the event by assigning the average price they achieve in
purchases they make with/for other organizations to the relevant quartile of the distribution of all bu-
reaucrats’ average prices during the quarter that the spell ends (for the earlier spell) or starts (for the
later spell).

Figure 2 presents the results. The horizontal axis displays event time, i.e. the average prices achieved
on occasions when the organization-bureaucrat pair made a purchase, with event time = 0 indexing the
last day on which the “old” pair made a purchase, and event time = 1 indexing the first day on which
the “new” pair made a purchase. On the vertical axis we display average prices paid, residualizing out
month and good fixed effects.

Prices paid change sharply when the organization switches to a “lower price” or “higher price”
bureaucrat, suggesting that bureaucrats do indeed affect prices paid. Further, there do not appear to
be systematic price changes associated with switching between bureaucrats in the same quartile, and
the price changes associated with switching from a high to a lower quartile bureaucrat and vice versa
appear symmetric. For example, organizations switching from a bureaucrat in the first quartile of prices
to a bureaurat in the fourth quartile experience an equal but opposite price change to organizations
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switching from the fourth to the first quartile. These last two points together are compelling evidence
against the existence of strong sorting on match effects. If there was sorting on match effects, we would
expect all switchers to experience price drops, and we would expect those moving from the first to
the fourth quartile to experience a smaller price increase than organizations moving in the opposite
direction.

Another concern is that organizations that become better (or worse) at procurement over time may
systematically switch to a different type of bureaucrat, or vice versa for bureaucrats. In that case E [ζj |b = 1] 6=
E [ζj |b = 2] in the example in (24). This could occur if for example organizations with deteriorating per-
formance have their procurement officer reassigned by the central government so that E [ζj |b = 2] >
E [ζj |b = 1]. However, we do not see any systematic time trend in the trajectories of switchers in Figure
2, suggesting that there is no strong correlation between drift and switching.

It is also possible that fluctuations in the idiosyncratic error term νi are correlated with organizations
switching bureaucrats, if for example an unexpectedly high price leads the organization to replace the
bureaucrat. This would lead us to overstate the difference in the bureaucrat effects since E [νi|b = 1] >
E [νi|b = 2]. However, Figure 2 shows no systematic “Ashenfelter dips” just before a bureaucrat switches,
suggesting that the transitory error νi is not correlated with switching.

Bias could also arise if bureaucrats or organizations specialize in goods for which they are better at
achieving low prices. In the example in (24), it could be that bureaucrat 1 is more specialized in the goods
the organization typically purchases than bureaucrat 2 is, in which case we would underestimate the dif-
ference in the bureaucrat effects since then E [θ1g] < E [θ2g]. To test for this possibility, we construct event
study figures for organizations switching between goods and bureaucrats switching between goods by
following a procedure analogous to that for Figure 2. The results are presented in figures 3 and 4. These
figures show the same patterns as in Figure 2. In addition to alleviating any concerns due to the possibil-
ity of biases arising from unmodeled match effects between organizations and goods or bureaucrats and
goods, figures 3 and 4 thus help rule out strong correlation between drift in the organization and/or bu-
reaucrat effects or the transitory error and organizations/bureaucrats switching goods. Taken together,
figures 2–4 provide strong support in favor of our identifying assumptions and thus our interpretation
of the estimates as individual and organizational sources of prices paid by the government.

A separate set of estimation issues arise from finite sample biases. As is well known from the panel
data literature, consistency of a single set of estimated fixed effects requires that the number of obser-
vations on each group, rather than simply the total sample size, tends to infinity (Scott, 1948; Lancaster,
2000). In our case, this incidental parameters problem is expected to lead the estimated bureaucrat and or-
ganization fixed effects to be overdispersed, biasing us towards finding an impact of the procurers even
if there is none. In the case of two sets of fixed effects, the problem may be compounded by limited mobil-
ity bias, i.e. that the estimated covariance between the two sets of fixed effects is negatively biased when
the network of workers and firms (here: bureaucrats and organizations) features few movers (Andrews
et al. , 2008).41

41We are estimating models with three sets of high-dimensional fixed effects (for organizations, bureaucrats, and goods).
(The models also contain month dummies to control for common time trends, but there are few enough of these month effects
that “month-connectedness” is not an issue). To our knowledge, identification results for models with more than two sets of
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We address the possibility of sampling error biases in three ways. First, when calculating standard
errors for our variance decomposition, we use a randomization inference approach rather than analytical
standard errors so that we can take into account the patterns of correlation in the residuals. We construct
partial residuals εi = pi−Xiβ̂ and randomly reassign bureaucrats and organizations to each observation,
preserving the match structure of the observations. We then re-estimate the bureaucrat and organization
effects. We repeat this procedure 100 times, and use the distribution of the estimates to compute standard
errors. This approach has limitations42, but makes randomization inference computationally feasible
with our large datasets.

Our second method for dealing with sampling error is non-parametric approach, as in Finkelstein
et al. (2016); Silver (2016). We take the observations for each bureaucrat-organization pair and ran-
domly split them into two samples. We then estimate equation (13) separately on each sample, yield-
ing two estimates (k = 1, 2) for each bureaucrat (α̂kb ), organization (ψ̂kj ), and connected set (γ̂ks ) effect.
Each coefficient is estimated with error due to the incidental parameters problem, and limited mobil-
ity bias, e.g. α̂kb = αb + µkα,b etc. However, the errors in the two estimates should be uncorrelated

(Cov
(
µ1
α,b,µ2

α,b

)
= 0), so we can create split-sample estimates of the relevant variance terms as follows:

V̂arSS (αb) = Cov
(
α̂1
b , α̂2

b

)
V̂arSS (ψj) = Cov

(
ψ̂1
j , ψ̂2

j

)
V̂arSS (γs) = Cov

(
γ̂1
s , γ̂2

s

)
V̂arSS (αb + ψj) = Cov

(
α̂1
b + ψ̂1

j , α̂2
b + ψ̂2

j

)
Finally, we take a more parametric approach and estimate the variance components directly and use

these to “shrink” our fixed effect estimates, akin to Kane & Staiger (2008); Chetty et al. (2014); Chetty
& Hendren (2015). The variance in our estimated fixed effects comes from two sources: the true, signal
variance in bureaucrats’ and organizations’ effects, σ2

α and σ2
ψ respectively, and sampling error with vari-

ances σ2
µ and σ2

ω for bureaucrats and organizations respectively. The variance of our estimated bureaucrat
effects is Var (α̂) = σ2

α + σ2
µ and the variance of our estimated organization effects is Var

(
ψ̂
)
= σ2

ψ + σ2
ω.

Our permutation method to calculate standard errors described above yields estimates of the vari-
ance of the sampling error for each bureaucrat and organization effect, s2

b and s2
j . We thus estimate the

signal variance of the bureaucrat effects as σ̂2
α = Var (α̂)− Eb

[
s2
b

]
, where expectations are taken across

bureaucrats and with weights 1/s2
b . Similarly, we estimate the signal variance of the organization effects

as σ̂2
ψ = Var

(
ψ̂
)
− Ej

[
s2
j

]
.

With these estimated variances in hand, we can form the linear predictor of the bureaucrat and orga-
nization effects that minimizes the mean-squared error of the predictions. Formally, we find

λb = arg min
λ̃

E
[
αb − λ̃α̂b

]
=

σ2
α

σ2
α + σ2

µb

fixed effects are not yet available (Gaure, 2013), and providing such results is beyond the scope of this paper.
42The procedure imposes clustering at the bureaucrat-organization level in the standard errors. Moreover, since we use

the partial residuals εi rather than reestimating the full model on each iteration, we do not account for correlation between
bureaucrat and organization assignment and X, but this drastically speeds up computation.
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and our shrinkage estimators replace these terms with their sample analogues:

α̂Shb =
σ̂2
α

σ̂2
α + s2

b

α̂b ψ̂Shj =
σ̂2
ψ

σ̂2
ψ + s2

j

ψ̂j

5.3 Results

Table 3 implements the variance decomposition in equation (14) in the analysis sample. The first column
shows estimates of the variances using the fixed effects from the estimation of equation (13), while the
second column shows estimates from using our split-sample approach. The standard deviations of the
bureaucrat and organization effects are large, at 1.588 and 1.607, respectively in the first column. How-
ever, they are negatively correlated so that their joint effect has a standard deviation of 1.122, or 1.273
if we add in the connected set effects to estimate the total effect of bureaucrats and organizations both
within and across connected sets. Comparing these to the standard deviation of log prices, 3.198, we see
that bureaucrats and organizations jointly explain over a third of the standard deviation of log prices.
The split-sample estimates in the second column are remarkably similar; the standard deviation of the
joint effect is 1.205, only slightly smaller than the corresponding 1.273 in column 1.

In Table 4 we repeat the variance decomposition using only the largest connected set. The results
are again remarkably similar. The standard deviation of log prices is 3.206, of which 1.171 (using fixed
effects), or 1.355 (using the split-sample method) can be attributed to bureaucrats and organizations. The
standard errors estimated using the permutation method described above indicate that these results are
strongly significant. In the final column we report the results of the shrinkage procedure, which gives
slightly smaller estimated standard deviations than the split-sample approach, but only modestly so.
The standard deviation of bureaucrat effects is 1.126, and that of the organization effects is 1.182.

5.4 Robustness: log-linearity

The model we have estimated assumes that the final price is (approximately) log linear in the bureaucrat
and organization effects. A direct piece of evidence in support of the log-linearity assumption comes
from studying the distribution of the residuals across bureaucrat and organization effect deciles. If the
log-linear specification was substantially incorrect, we would expect to see systematic patterns in the
residuals. For example, strong match effects would lead the residuals to be large in the top bureaucrat
and organization deciles, and small in the bottom deciles. Figure ?? shows a heat map of residuals for
the analysis sample, while Figure ?? shows it for the largest connected set. In both cases we see no clear
patterns in the residuals.

As a further test of our log linear model of prices, we reestimate equation (13) but include fixed ef-
fects for each bureaucrat-organization pair, allowing for arbitrary patterns of complementarity between
bureaucrats and organizations. If there are indeed strong match effects between bureaucrats and orga-
nizations that we are omitting, then we expect the pair effect model to fit significantly better than our
baseline model. Table 5 compares results for the two models. Strikingly, the pair effect model does not fit
the data much better than our baseline model. The RMSE of the residuals goes down by 2.8 percent, the
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adjusted R2 improves by 1.5 percent, and the pair effects have a much smaller variance than the main
effects in tables 3 and 4. Overall, we do not find evidence supporting a rejection of our log-linearity
assumption.

While the AKM model was developed to study firms and workers in the private sector, these results
suggest that it can be fruitfully applied to performance data from the public sector. Our results show that
individual bureaucrats and organizations significantly affect prices paid, contrary to the “mechanistic”
view of the bureaucracy taken by much of the existing literature. Moreover, these effects are large,
the bureaucrat and organization effects account for upwards of a third of the standard deviation in log
prices.

5.5 Robustness: good homogeneity

A concern with our measure of state effectiveness is the possibility that differences in unit prices re-
flect differences in the quality of the goods being purchased, in addition to the differences in prices per
quality-adjusted unit we attempt to restrict attention to. If this is the case, procurers who pay more on
average for the goods they purchase may simply be purchasing higher quality goods, and not necessar-
ily be performing worse than those paying less. To address this concern, we conduct two robustness
exercises.

First, we show that our results are robust to restricting the sample to goods that are more homoge-
nous. We split the sample into quintiles of good homogeneity, using the measure of the scope for product
differentiation in Khandelwal (2010). We then reestimate (13) on successive subsamples adding in less
and less homogenous goods. Table 6 shows the results. As we move from left to right, we add in less and
less homogeneous goods, until the final column replicates our results from the full sample. The results
are virtually unchanged when we restrict to increasingly homogeneous samples of goods. This reassures
us that our results are not driven by unaccounted for good heterogeneity.

In our second check of the good homogeneity assumption, we restrict the sample to a type goods
that is by nature very homogeneous — medicines (Bronnenberg et al. , 2015). The share of the variance
in prices expained by bureaucrats and organizations is similar to in our full sample. Moreover, using
barcode-level good controls rather than our text-based method delivers very similar results.

5.6 Correlates of individual and organizational level state effectiveness

What do effective bureaucrats and organizations do differently? In this section we relate variation in
observable measures of individual bureaucrat and organization behavior to variation in their estimated
fixed effects, αb and ψj . As discussed in Section 4, our data contains detailed information on how a given
procurement process was conducted and its intermediate outcome, from the intial request document,
through the auction itself, to the final contract signed with the supplier. Since we have many observables
for each purchase, we use regularization techniques to select the variables that are most predictive of the
bureaucrat and organization effects. We run a LASSO regression of the bureaucrat and organization
effects on all procurement process-related variables in our data to select the most important observables
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(?), and then run bivariate and multivariate regressions using only the variables selected by the LASSO
procedure.43

Figures 7 and 8 show the results. The left panel of each figure shows regression coefficients from
a series of bivariate regressions of the bureaucrat (in Figure 7) or organization (in Figure 8) effects on
each of the observables alone. The right panel shows the coefficients from the multivariate regression
of the bureacrat or organization effects on the post-LASSO selected variables. To facilitate comparison,
all variables are standardized to have unit standard deviation so that the coefficients can be interpreted
as the effect in standard deviations of the bureaucrat/organization effects of a one standard deviation
change in the measure of procurement behavior.

Three key findings emerge from Figure 7. First, successful bureaucrats are those who achieve high
supplier participation rates. The number of applicants and the number of bidders are strongly associated
with better bureaucrat performance. Second, successful bureaucrats make the auctions accessible by
setting relatively low guarantees (a bond that participants have to post in order to participate in the
auction), and by not revising the request document often (for example to correct errors that might deter
potential bidders). Third, the qualification stage is more important than the auction and contracting
stages. Six of the 13 LASSO-selected variables relate to the qualification stage, and these have bigger
coefficients in the multivariate regression.

Turning to the organizations, the findings from Figure 8 echo those of Figure 7 with some differences.
For organizations, we observe geographic location, level of government, and type of government activ-
ity. These are important predictors of performance. Organizations that are further from their regional
capital, and organizations at regional and municipal (as opposed to federal) level achieve lower prices.
On measures of behavior in the procurement process, the heterogeneity across effective and ineffective
organizations is otherwise similar to that for bureaucrats.

Overall, we conclude from these findings that a key part of what makes procurers effective is their
ability to reduce the barriers of entry to participate in procurement auctions, consistent with the predic-
tions of our model in Section 2. This suggests that efforts to improve bureaucratic effectiveness should be
targeted at recruiting bureaucrats that are comparatively good at reducing the costs imposed on poten-
tial government suppliers (or, similarly, reassigning procurement responsibilities across organizations to
those that reduce such costs), or helping existing bureaucrats and organizations perform better in this
dimension.

6 Individual and Organizational Sources of Heterogeneous Policy Effects:
the Case of Bid Preferences

6.1 Difference-in-differences results

In Section 5 we held constant the policy environment. We varied the bureaucrat and organization in
charge of procurement, exploiting the thousands of quasi-experiments created by the “movement” of

43More precisely, we use the variables with nonzero coefficients in the LASSO regression with the regularization penalty λ
that minimizes the mean squared error in K-fold cross-validation.

24



organizations across bureaucrats, and vice versa, to estimate the effect of individual procurers. In this
section we instead hold constant the bureaucrat and organization in charge of procurement and vary
whether a particular procurement policy applies. We do this for two reasons. First, “shocking” the
policy environment and tracing out how the effects depend on the procurers in charge represents an
additional way to test if the heterogeneity in effectiveness estimated in Section 5 is due to differences in
how effective and less effective bureaucrats and organizations administer policies, as we argue. Second,
the ultimate goal of this paper is to determine if there are policy design implications of micro level
sources of state effectiveness. To do so, it is useful to exploit a policy change.

We first pursue a difference-in-differences strategy focused on the policy itself. The “buy local” policy
is “turned on” each year in the spring, and then expires at the end of the year. Preferences apply to some
goods and not others, and the list of goods varies year-on-year, albeit only moderately so. Moreover, for
the policy to apply, there must be a minimum of one bidder in the auction offering a domestic (Russian-
produced) good, and a minimum of one bidder offering a foreign-made good.

Procurers signal to potential bidders that the preference policy applies to the items in a given request
by checking a box in the electronic submission form. The preferences information is then prominently
displayed on the first page of the electronic auction request. Although significant penalties apply for
procurers failing to apply the preference policy correctly, procurers sometimes fail to check the box.
There are thus two scenarios to consider: (1) where procurers correctly indicate that preferences apply
to a request, and (2) where procurers fail to indicate on a request that preferences apply.44 We come back
to (2) below.

In the case of (1), we estimate the average treatment effect (ATE) of the preferences policy, where
the treatment is a dummy variable for whether the procurers explicitly applied the policy to a request,
correctly or incorrectly. That equation takes the following form:

yigt = α+ βPreferencedg + γln(quantity) + µg + λt + εigt (26)

where yigt is outcome y (log Price) in item i for good g in month t, Preferencedg is a dummy for whether
the procurers indicate that preferences apply to the good, ln(quantity) is the logarithm of the standard-
ized quantity of goods being procured, µc and λt are good and month fixed effects, and εigt is an error
term. We two-way cluster standard errors by month and good.

Table 7 shows the results of estimating equation 26 using the full sample, while Table 8 shows those
using the largest connected set. Column (1) in each table shows that the average effect on the (log) price,
controlling for month and good fixed effects and standardized quantity, is a precisely estimated zero.
This is despite the fact that preferences are thought to reduce the number of firms that choose to bid on
the contract.

As tables 7 and 8 show, the preferences policy does achieve the goal of procuring more Russian-
made goods. This finding is noteworthy; since shifting demand towards domestic producers comes at
no direct cost to the government, the “buy local” policy might be seen as successful industrial policy

44In our data, we find that the third scenario of bureaucrats applying the preference policy to requests for goods not on
decreed list for that year is exceedingly rare, accounting for 0.09% of all requests where the policy is applied.
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from the government’s perspective.45 The finding also contrasts with the results of studies of similar
preference policies in the U.S. using more structural empirical methods (Marion, 2007; Krasnokutskaya
& Seim, 2011).

We hypothesize that the effectiveness of the bureaucrat and organization that run the auction may
matter for how preferences affect prices. To test this, we pursue a triple-difference approach, interacting
the policy treatment with the estimated bureaucrat and organization effects from Section 5. Columns (2),
(3) and (4) of both Table 7 (the analysis sample) and Table 8 (the largest connected set) show the results
using the AKM estimates. We alternately include the full interactions with bureaucrat effectiveness,
organization effectiveness, and both effectiveness measures. We also include a ‘connected set’ fixed
effect in order to control for intercepts specific to each connected set.

Several findings emerge from the tables. First, the results clearly show that the zero price effect on
average combined a price increase among effective bureaucrats and organizations and a price decrease
among ineffective procurers. The patterns for bureaucrat effectiveness are very similar to those for orga-
nization effectiveness. Although the effect on the triple interaction with organization effectiveness is less
precisely estimated, the introduction of the “buy local” policy appears to result in convergence of “good”
and “bad” bureaucrats’ performance, as well as good and bad organizations’ performance. Under the
policy, effective bureaucrats are less able to secure lower prices for goods, while ineffective bureaucrats
do better at decreasing the cost the government pays for the same goods.

In the case of scnario (2) from above, where there are concerns about compliance, we adopt an intent-
to-treat (ITT) approach that turns on the treatment indicator if the goods procured under the request
should have had preferences policy apply, irrespective of whether the procurers correctly checked the
box or not. Each request can consist of multiple goods. To be conservativy, we create a dummy vari-
able indicating intent-to-treat that takes a value of 1 if any of the goods in a request should have had
preferences apply. The estimating equation is thus the same as in (26), except that the way we define
Preferencedg differs.

We present the results of the intent-to-treat approach in Table 13 (for the analysis sample) and Table
14 (for the largest connected set). The findings differ from the average treatment effects discussed above
in one important respect. The preference policy has a strongly negative ITT effect on prices achieved.
Requests that technically fall under the provisions of the preferences regime see prices for each item
drop by approximately 18 percent. However, when the interactions with bureaucrat and organization
effectiveness are introduced in columns (2), (3) and (4), the heterogeneity results are broadly similar to
the ATEs. Under the preferences policy, ineffective bureaucrats and organizations see a price decrease,
while effective procurers pay higher prices under when the policy applies.

Overall our findings in this section provide some of the first direct evidence that policies should
be tailored to the effectiveness of those who will implement the policies. The performance of highly
effective bureaucrats and organizations in Russia are hurt by distorting competition, similarly to what
has been found for preferences policies in the United States (Marion, 2007; Krasnokutskaya & Seim,
2011). By contrast, ineffective bureaucrats and organizations perform better when importing suppliers

45Although note that pinning down the welfare consequences of channeling demand to potentially less productive firms is
beyond the scope of this paper.
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are handicapped. Through the lens of the model in Section 2, our results indicate that this is because the
additional entry of suppliers of local goods induced by the policy more than offsets the additional entry
costs that ineffective procurers impose on potential bidders, leading to an overall increase in entry and
a decrease in prices.

7 Conclusion

In this paper we have presented evidence that both the individuals and the organizations tasked with
implementing policy are significant sources of state effectiveness. Bureaucrats and public sector organi-
zations together account for over one third of the variation in quality-adjusted unit prices paid by the
Russian government. Consistent with our simple endogenous entry auction model, effective public pro-
curers engage in practices that lower entry costs for potential suppliers. Such practices matter not only
in a constant policy environment, but also for the impact of policy changes. Studying the impact of a
“buy local” policy that applies bidding preferences to bids from suppliers of domestically manufactured
goods, we find that the induced increase in entry by domestic suppliers outweighs the tilting of the play-
ing field against importers for ineffective procurers, who have low baseline entry rates. The opposite is
true for effective bureaucrats and organizations, as our conceptual framework predicts.

These findings have important implications for policy design and future research on state effective-
ness. First, the degree of heterogeneity in effectiveness within a given state enterprise we document
implies that there are large returns to the state of employing more bureaucrats at the high end of the
observed performance range, and of improving organization-wide characteristics such as management
or “organizational culture”. An important question for future research is whether individual and orga-
nizational effectiveness can best be improved by hiring other types of individuals (or reshuffling tasks
across organizations) or by training existing bureaucrats and organizations better. Another is how the
impact of more versus less individuals and organizations compares to the impact of more versus less
effectives policies. This latter question is key for a central government trying to allocate its budget and
attention so as to maximize state effectiveness.

A second implication is methodological. Our findings imply that in order to “extrapolate” an average
treatment effect of a public policy estimated in one setting to another setting, knowledge of and making
use of the difference in local effectiveness across the two settings is essential.

Finally, our findings imply that policies that are suboptimal when state effectiveness is high may
be second-best optimal when state effectiveness is low. Policies should thus be designed with the ef-
fectiveness of the individuals and organizations that will implement the policies in mind. This finding
is especially important for policymaking for and in developing countries. In the past international or-
ganizations have, for example, often recommended the use of the same policies around the world. Of
course, achieving “globally” optimal policy outcomes likely requires both maximizing the effectiveness
of the bureaucratic apparatus and choosing policies that are designed for implementation by effective
individuals and organizations.
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FIGURE 1: PROCESS FLOW-CHART

Stage 1: Announcement Stage 2: Qualifying Suppliers Stage 3: Auction Stage 4: Contracting

No Applicants
613,131 purchases (12.1%)
2,232,975 items (7.79%)

All applicants disqualified
64,059 purchases (1.27%)
373,649 items (1.3%)

1 qualified bidder
1,344,825 purchases (26.6%)
2,892,581 items (10.1%)

>1 qualified bidder
3,030,829 purchases (60.0%)
23,162,949 items (80.8%)

Auction Announcement
5, 054, 498 purchases
28, 665, 544 items

2 bidders
1,276,920 purchases (25.3%)
10,524,927 items (36.7%)

>2 bidders
1,189,889 purchases (23.5%)
9,228,436 items (32.2%)

Qualified bidder contracted
1,220,033 purchases (24.1%)
2,611,972 items (9.11%)

No contract
124,792 purchases (2.47%)
280,609 items (0.979%)

Losing bidder contracted
35,976 purchases (0.712%)
301,156 items (1.05%)

Winning bidder contracted
1,183,284 purchases (23.4%)
9,647,589 items (33.7%)

No contract
57,660 purchases (1.14%)
576,182 items (2.01%)

Losing bidder contracted
34,363 tenders (0.68%)
269,734 items (0.941%)

Winning bidder contracted
1,102,989 purchases (21.8%)
8,426,885 items (29.4%)

No contract
52,537 purchases (1.04%)
531,817 items (1.86%)

The figure summarizes the process public procurement purchases follow. Numbers are based on all purchases made under laws 94 and 44 in 2011-2015.
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FIGURE 2: EVENT STUDY: ORGANIZATIONS SWITCHING BUREAUCRATS
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FIGURE 3: EVENT STUDY: BUREAUCRATS SWITCHING GOODS
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FIGURE 4: EVENT STUDY: ORGANIZATIONS SWITCHING GOODS
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FIGURE 5: NO SYSTEMATIC PATTERN IN RESIDUALS: ANALYSIS SAMPLE
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FIGURE 6: NO SYSTEMATIC PATTERN IN RESIDUALS: LARGEST CONNECTED SET
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FIGURE 7: CORRELATES OF BUREAUCRATIC EFFECTIVENESS

Pairwise Regressions Post−LASSO Regression
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FIGURE 8: CORRELATES OF ORGANIZATION EFFECTIVENESS

Pairwise Regressions Post−LASSO Regression
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TABLE 1: SUMMARY STATISTICS: MEDICINES

Medicines - LVEMD Sample Medicines - Full Sample

(1) Auctions 123,679 276,033
(2) Organizations 2,677 4,695
(3) Regions 86 87
(4) Products 1,684 1,684
(5) Total Value (Bn Roubles) 138.18 218.17

(6) Federal 0.08 0.10
(7) Regional 0.80 0.78
(8) Municipal 0.12 0.12

(9) School 0.28 0.42
(10) Internal Affairs/Defense 0.01 0.01
(11) Health 0.71 0.57
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TABLE 2: SUMMARY STATISTICS

Full Sample Analysis Sample Largest Connected Set

(1) Number of Bureaucrats 135,632 41,470 15,791
(2) Number of Organizations 103,690 49,438 13,615
(3) Number of Connected Sets 29,532 647 1
(4) Number of Bureaucrats with >1 Org. 16,077 12,278 4,207
(5) Number of Organizations with >1 Bur. 63,468 41,919 12,228
(6) Number of Organization Types 13 13 13
(7) Number of Federal Organizations 13,976 2,028 587
(8) Number of Regional Organizations 27,004 16,255 5,523
(9) Number of Municipal Organizations 62,656 31,141 7,505

(10) Number of Goods 15,442 14,951 13,114
(11) Number of Regions 90 90 70
(12) Number of Requests 2,083,033 1,409,021 474,745
(13) Mean Number of Applicants 3.37 3.38 3.47

(14) Mean Number of Bidders 2.8 2.78 2.82
(15) Mean Reservation Price 950,856 1,017,075 1,443,743
(16) Quantity Mean 462 451 459

Median 21 25 20
SD 1,717 1,654 1,719

(17) Price Mean 11,685 10,042 20,248
Median 203 184 270
SD 60,984 55,654 88,953

(18) Unit Price Mean 10,270 8,771 18,308
Median 8.8 6.88 13
SD 81,963 88,813 131,159

(19) Number of Observations 18,052,927 17,705,338 11,304,918
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TABLE 3: VARIANCE DECOMPOSITION RESULTS: ANALYSIS SAMPLE

Fixed Effects Split-Sample

s.d. of Bureaucrat Effects (across items) 1.588 1.490
s.d. of Organization Effects (across items) 1.607 1.490
s.d. of Connected Set Effects (across items) 0.601 0.445

s.d. of Bur + Org Effects Within CS 1.122 1.120
s.d. of Bur + Org Effects (Total) 1.273 1.205

s.d. of log P 3.198 3.198
Sample Size 17,705,354 17,705,354

The table implements...
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TABLE 4: VARIANCE DECOMPOSITION RESULTS: LARGEST CONNECTED SET

Fixed Effects s.e. Split-Sample Min MSE

s.d. of Bureaucrat Effects (across items) 1.602 (0.152) 1.206 1.126
s.d. of Organization Effects (across items) 1.624 (0.151) 1.257 1.182
s.d. of Bur + Org Effects 1.171 (0.000411) 1.355 0.896

s.d. of log P 3.206 3.206 3.206
Sample Size 11,304,934 11,304,934 11,304,934

The table implements...
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TABLE 5: VARIANCE DECOMPOSITION RESULTS: ADDING PAIR EFFECTS

Analysis Sample Largest Connected Set

RMSE of residuals 1.595 1.588
Adjusted R-squared 0.7456 0.749

RMSE of residuals (pair model) 1.551 1.533
Adjusted R-squared (pair model) 0.7566 0.7627
s.d of pair effect 0.3716 0.4141

The table implements...
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TABLE 6: VARIANCE DECOMPOSITION RESULTS: ROBUSTNESS TO HETEROGENEOUS GOODS

Quintile 1 Quintile 2 Quintile 3 Quintile 4 Quintile 5

s.d. of Bureaucrat Effects (across items) 1.367 1.571 1.365 1.205 1.588
s.d. of Organization Effects (across items) 1.369 1.566 1.345 1.299 1.607
s.d. of Bur + Org Effects Within CS 1.264 1.156 1.166 1.122 1.122
s.d. of Bur + Org Effects (Total) 1.490 1.323 1.336 1.275 1.273
s.d. of log P 3.425 3.329 3.300 3.251 3.198

s.d. of Bur Efs / s.d. of log P 0.399 0.472 0.414 0.371 0.496
s.d. of Org Efs / s.d. of log P 0.400 0.470 0.408 0.399 0.502
s.d. of Bur+Org Efs Within / s.d. of log P 0.369 0.347 0.353 0.345 0.351
s.d. of Bur+Org Efs Total / s.d. of log P 0.435 0.397 0.405 0.392 0.398

Sample Size 3,543,096 7,080,679 10,623,302 14,162,092 17,705,354

The table implements...
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TABLE 7: AKM BUREAUCRAT AND ORGANIZATION EFFECTS AND PREFERENCE POLICY IMPACT:
ATE, ANALYSIS SAMPLE

Outcome: log Price

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

log Standardized Quantity −0.721∗∗∗ −0.700∗∗∗ −0.697∗∗∗ −0.660∗∗∗
(0.026) (0.025) (0.025) (0.022)

Preferenced 0.038 0.015 0.103∗ −0.206∗∗∗
(0.057) (0.051) (0.054) (0.035)

Bureaucrat FE 0.228∗∗∗ 0.994∗∗∗
(0.012) (0.027)

Bureaucrat FE * Preferenced −0.084∗∗∗ −0.308∗∗∗
(0.010) (0.020)

Organization FE 0.268∗∗∗ 0.998∗∗∗
(0.011) (0.026)

Organization FE * Preferenced 0.003 −0.264∗∗∗
(0.008) (0.018)

Month, Good FEs Yes Yes Yes Yes
Year x Product x Size x Region FEs Yes Yes Yes Yes
Connected Set FEs No Yes Yes Yes
Observations 25,438,084 24,547,612 24,681,629 24,472,139
R2 0.638 0.655 0.660 0.714

*** p<0.01, ** p<0.05, * p<0.1
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TABLE 8: AKM BUREAUCRAT AND ORGANIZATION EFFECTS AND PREFERENCE POLICY IMPACT:
ATE, LARGEST CONNECTED SET

Outcome: log Price

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

log Standardized Quantity −0.721∗∗∗ −0.694∗∗∗ −0.689∗∗∗ −0.649∗∗∗
(0.026) (0.025) (0.025) (0.022)

Preferenced 0.038 0.010 0.112∗∗ −0.258∗∗∗
(0.057) (0.052) (0.055) (0.034)

Bureaucrat FE 0.224∗∗∗ 1.000∗∗∗
(0.014) (0.027)

Bureaucrat FE * Preferenced −0.085∗∗∗ −0.318∗∗∗
(0.012) (0.023)

Organization FE 0.277∗∗∗ 1.002∗∗∗
(0.013) (0.025)

Organization FE * Preferenced 0.0003 −0.271∗∗∗
(0.011) (0.021)

Month, Good FEs Yes Yes Yes Yes
Year x Product x Size x Region FEs Yes Yes Yes Yes
Connected Set FEs No Yes Yes Yes
Observations 25,438,084 16,126,512 16,194,450 16,075,772
R2 0.638 0.645 0.651 0.714

*** p<0.01, ** p<0.05, * p<0.1
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TABLE 9: AKM BUREAUCRAT AND ORGANIZATION EFFECTS AND PREFERENCE POLICY IMPACT:
ITT, ANALYSIS SAMPLE

Outcome: log Price

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

log Standardized Quantity −0.718∗∗∗ −0.697∗∗∗ −0.694∗∗∗ −0.658∗∗∗
(0.026) (0.025) (0.025) (0.022)

Preferenced −0.292∗∗∗ −0.259∗∗∗ −0.191∗∗∗ −0.403∗∗∗
(0.063) (0.057) (0.065) (0.044)

Bureaucrat FE 0.255∗∗∗ 0.977∗∗∗
(0.015) (0.030)

Bureaucrat FE * Preferenced −0.118∗∗∗ −0.346∗∗∗
(0.011) (0.022)

Organization FE 0.296∗∗∗ 0.982∗∗∗
(0.013) (0.028)

Organization FE * Preferenced −0.085∗∗∗ −0.322∗∗∗
(0.011) (0.023)

Month, Good FEs Yes Yes Yes Yes
Year x Product x Size x Region FEs Yes Yes Yes Yes
Connected Set FEs No Yes Yes Yes
Observations 25,438,084 24,284,618 24,514,444 24,165,243
R2 0.639 0.656 0.660 0.708

*** p<0.01, ** p<0.05, * p<0.1
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TABLE 10: AKM BUREAUCRAT AND ORGANIZATION EFFECTS AND PREFERENCE POLICY IMPACT:
ITT, LARGEST CONNECTED SET

Outcome: log Price

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

log Standardized Quantity −0.718∗∗∗ −0.691∗∗∗ −0.684∗∗∗ −0.645∗∗∗
(0.026) (0.025) (0.025) (0.022)

Preferenced −0.291∗∗∗ −0.274∗∗∗ −0.223∗∗∗ −0.440∗∗∗
(0.063) (0.065) (0.074) (0.050)

Bureaucrat FE 0.230∗∗∗ 0.996∗∗∗
(0.015) (0.030)

Bureaucrat FE * Preferenced −0.107∗∗∗ −0.381∗∗∗
(0.012) (0.025)

Organization FE 0.308∗∗∗ 0.998∗∗∗
(0.014) (0.028)

Organization FE * Preferenced −0.096∗∗∗ −0.347∗∗∗
(0.012) (0.027)

Month, Good FEs Yes Yes Yes Yes
Year x Product x Size x Region FEs Yes Yes Yes Yes
Connected Set FEs No Yes Yes Yes
Observations 25,438,084 15,887,143 16,011,515 15,809,065
R2 0.639 0.644 0.651 0.707

*** p<0.01, ** p<0.05, * p<0.1
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TABLE 11: AKM BUREAUCRAT AND ORGANIZATION EFFECTS AND PREFERENCE POLICY IMPACT:
ITT, ANALYSIS SAMPLE, MEDICINES, BARCODE FE

Outcome: log Price

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

log Standardized Quantity −0.049∗∗∗ −0.044∗∗∗ −0.044∗∗∗ −0.043∗∗∗
(0.003) (0.003) (0.003) (0.003)

Preferenced −0.015 −0.018 −0.015 −0.016
(0.014) (0.015) (0.015) (0.014)

Bureaucrat FE 0.209∗∗∗ 0.800∗∗∗
(0.034) (0.045)

Bureaucrat FE * Preferenced −0.109∗∗∗ −0.321∗∗∗
(0.031) (0.056)

Organization FE 0.197∗∗∗ 0.787∗∗∗
(0.030) (0.047)

Organization FE * Preferenced −0.074∗∗∗ −0.305∗∗∗
(0.023) (0.061)

Month, Good FEs Yes Yes Yes Yes
Year x Product x Size x Region FEs Yes Yes Yes Yes
Connected Set FEs No Yes Yes Yes
Observations 544,347 487,852 487,852 487,852
R2 0.935 0.938 0.938 0.940

*** p<0.01, ** p<0.05, * p<0.1
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TABLE 12: AKM BUREAUCRAT AND ORGANIZATION EFFECTS AND PREFERENCE POLICY IMPACT:
ITT, LARGEST CONNECTED SET, MEDICINES, BARCODE FE

Outcome: log Price

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

log Standardized Quantity −0.049∗∗∗ −0.044∗∗∗ −0.048∗∗∗ −0.050∗∗∗
(0.003) (0.007) (0.007) (0.007)

Preferenced −0.015 0.012 0.023 0.023
(0.014) (0.040) (0.039) (0.039)

Bureaucrat FE 0.377∗∗∗ 0.700∗∗∗
(0.111) (0.147)

Bureaucrat FE * Preferenced 0.012 −0.102
(0.116) (0.133)

Organization FE 0.361∗∗∗ 0.788∗∗∗
(0.136) (0.137)

Organization FE * Preferenced −0.115 −0.315∗∗
(0.135) (0.127)

Month, Good FEs Yes Yes Yes Yes
Year x Product x Size x Region FEs Yes Yes Yes Yes
Connected Set FEs No Yes Yes Yes
Observations 544,347 36,060 36,060 36,060
R2 0.935 0.942 0.942 0.943

*** p<0.01, ** p<0.05, * p<0.1
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TABLE 13: AKM BUREAUCRAT AND ORGANIZATION EFFECTS AND PREFERENCE POLICY IMPACT:
ITT, ANALYSIS SAMPLE, MEDICINES, MACHINE LEARNING FE

Outcome: log Price

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

log Standardized Quantity −0.326∗∗∗ −0.333∗∗∗ −0.344∗∗∗ −0.348∗∗∗
(0.012) (0.013) (0.013) (0.013)

Preferenced −0.657∗∗∗ −0.669∗∗∗ −0.595∗∗∗ −0.572∗∗∗
(0.034) (0.035) (0.034) (0.031)

Bureaucrat FE 0.423∗∗∗ 0.904∗∗∗
(0.027) (0.034)

Bureaucrat FE * Preferenced −0.235∗∗∗ −0.384∗∗∗
(0.020) (0.024)

Organization FE 0.580∗∗∗ 0.932∗∗∗
(0.031) (0.035)

Organization FE * Preferenced −0.150∗∗∗ −0.291∗∗∗
(0.021) (0.026)

Month, Good FEs Yes Yes Yes Yes
Year x Product x Size x Region FEs Yes Yes Yes Yes
Connected Set FEs No Yes Yes Yes
Observations 544,347 487,852 487,852 487,852
R2 0.450 0.473 0.487 0.514

*** p<0.01, ** p<0.05, * p<0.1
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TABLE 14: AKM BUREAUCRAT AND ORGANIZATION EFFECTS AND PREFERENCE POLICY IMPACT:
ITT, LARGEST CONNECTED SET, MEDICINES, MACHINE LEARNING FE

Outcome: log Price

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

log Standardized Quantity −0.326∗∗∗ −0.385∗∗∗ −0.433∗∗∗ −0.430∗∗∗
(0.012) (0.022) (0.020) (0.019)

Preferenced −0.657∗∗∗ −0.535∗∗∗ −0.399∗∗∗ −0.369∗∗∗
(0.034) (0.076) (0.071) (0.069)

Bureaucrat FE 0.570∗∗∗ 0.942∗∗∗
(0.059) (0.061)

Bureaucrat FE * Preferenced −0.444∗∗∗ −0.424∗∗∗
(0.059) (0.055)

Organization FE 0.886∗∗∗ 1.009∗∗∗
(0.062) (0.055)

Organization FE * Preferenced −0.222∗∗∗ −0.266∗∗∗
(0.047) (0.044)

Month, Good FEs Yes Yes Yes Yes
Year x Product x Size x Region FEs Yes Yes Yes Yes
Connected Set FEs No Yes Yes Yes
Observations 544,347 36,060 36,060 36,060
R2 0.450 0.490 0.549 0.567

*** p<0.01, ** p<0.05, * p<0.1
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A Theoretical Appendix

A.1 Detailed Characterization of Equilibrium Without Bidding Preferences

As shown in section 2.1, the sellers’ expected profits can be expressed in terms of their probabilities of
winning. Using our assumptions about the distributions of seller fulfillment costs, the probabilities of
winning are

qF
(
x; dF , dL

)
= Pr

(
bF (x) < bL (vL) |vL ≤ dL

)
Pr
(
vL ≤ dL

)
+ 1× Pr

(
vL > dL

)
= Pr

(
vL > x|vL ≤ dL

) dL − µ
1− µ +

1− dL
1− µ

=


1 , if x < µ

1−x
1−µ , if x ∈

[
µ, dL

)
1−dL
1−µ , if x ≥ dL

(A.1)

qL
(
x; dF , dL

)
= Pr

(
bL (x) < bF (vF ) |vF ≤ dF

)
Pr
(
vF ≤ dF

)
+ 1× Pr

(
vF > dF

)
= Pr

(
vF > x|vF ≤ dF

)
dF +

(
1− dF

)
=

1− x , if x ∈
[
µ, dF

)
1− dF , if x ≥ dF

(A.2)

Integrating these probabilities we get the expected profits

UF
(
v; dF , dL

)
=
∫ 1

v
qF
(
x; dF , dL

)
dx

=


∫ µ
v

1 dx+
∫ dL
µ

1−x
1−µ dx+

∫ 1
dL

1−dL
1−µ dx , if v < µ∫ dL

v
1−x
1−µ dx+

∫ 1
dL

1−dL
1−µ dx , if x ∈

[
µ, dL

)∫ 1
v

1−dL
1−µ dx , if x ≥ dL

=


2−2dL+d

2
L−µ2

2(1−µ) − v , if v < µ

2−2dL+d
2
L

2(1−µ) −
2v−v2

2(1−µ) , if v ∈
[
µ, dL

)
(1−dL)(1−v)

1−µ , if v ≥ dL

(A.3)
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And similarly for an entrant of type L with fulfillment cost v (where µ < dF )

UL
(
v; dF , dL

)
=
∫ 1

v
qL
(
x; dF , dL

)
dx

=
∫ dF

v
(1− x) dx+

∫ 1

dF

(
1− dF

)
dx

=

1− v− dF + d
2
F
2 + 1

2v
2 , if v ∈

[
µ, dF

)(
1− dF

)
(1− v) , if v ≥ dF

(A.4)

To find the entry thresholds, we need to find the type-F supplier dF and type-L supplier dL who
are indifferent between entering (in which case they receive Ui

(
di; dF , dL

)
− c) and staying out of the

second-stage auction (in which case they receive the contract at price 1 with probability 1
2
[
1− Fj

(
dj
)]

.
That is, we need to solve the system of equationsUF

(
dF ; dF , dL

)
− c = 1

2 (1− dF )
1−dL
1−µ

UL
(
dL; dF , dL

)
− c = 1

2 (1− dF )(1− dL)
(A.5)

Since each of these equations has two cases, there are potentially two solutions, depending on whether
dF ≶ dL. However, there is no solution when dF < dL. The solution with dF > dL satisfies

(1−dL)(1−dF )
1−µ = c+ 1

2 (1− dF )
1−dL
1−µ

1− (dL + dF ) +
1
2

(
d

2
F + d

2
L

)
= c+ 1

2 (1− dF )(1− dL)

⇔

1− 2c(1−µ)
1−dL

= dF

1
2 (1− dF )(1− dL) +

1
2γ
(
dF − dL

)2
= c

⇔

1− 2c(1−µ)
1−dL

= dF
√

2cµ+ dL = dF
(A.6)

Solving, we see that

dL =
2−
√

2cµ−
√

2c (2− µ)
2 (A.7)

dF =
2 +
√

2cµ−
√

2c (2− µ)
2 (A.8)

which characterize the entry strategies in this equilibrium. Given these, the expected number of
entrants in the auction is

E [n] = FA
(
dA
)
+ FB

(
dB
)
= dA +

dB − µ
1− µ (A.9)
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we can also calculate the expected payments to each bidder when their fulfillment cost is v

mF (v) = UF (v) + qF (v) v

=


2−2dL+d

2
L−µ2

2(1−µ) , if v < µ

2−2dL+d
2
L

2(1−µ) −
v2

2(1−µ) , if v ∈
[
µ, dL

)
(1−dL)

1−µ , if v ≥ dL

(A.10)

mL (v) = UL (v) + qL (v) v

= 1− dF +
d

2
F

2 −
1
2v

2, v ≤ dL < dF (A.11)

The ex-ante expected profits of the two bidders are therefore

EV [mF (v)] =
∫ µ

0

2−2dL+d
2
L−µ2

2(1−µ) dv+
∫ dL

µ

2−2dL+d
2
L

2(1−µ) −
v2

2(1−µ) dv+
∫ dF

dL

(1−dL)
1−µ dv

= d
3
L−µ3+3dF (1−dL)

3(1−µ) (A.12)

EV [mL(v)] =
∫ dL

µ

(
1− dF +

d
2
F

2γ −
1
2v

2

)
1

1− µ dv =
[

1− dF +
d

2
F

2

]
dL − µ
1− µ +

(µ3 − d3
L)

6(1− µ) (A.13)

Together, these imply that the price the auctioneer expects to pay is

E [p] = EV [mF (v)] + EV [mL(v)] + Pr (n = 0)

= 1−
(

1− dF
2

)
dF
dL − µ
1− µ +

d
3
L − µ3

6 (1− µ) (A.14)

A.2 Proof of Proposition 1

Proof. The proposition can be shown by simple differentiation. Starting with the expected number of
entrants, differentiating (5), we see that

∂E [n]

∂c
=
∂dF
∂c

+
1

1− µ
∂dL
∂c

(A.15)
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which depends on how the entry thresholds change with c. Differentiating the expressions for the entry
thresholds (A.7) and (A.8),

∂dL
∂c

=
1
2

[
−
√

2cµ
2c −

√
2c (2− µ)

2c

]
= − 1

2c
(
1− dL

)
< 0

∂dF
∂c

=
1
2

[√
2cµ
2c −

√
2c (2− µ)

2c

]
= − 1

2c
(
1− dF

)
< 0

Plugging these into (A.15), we obtain

∂E [n]

∂c
= − 1

2c

[(
1− dF

)
+

1− dL
1− µ

]
< 0 (A.16)

showing the first part of the proposition. Following the same steps for the second part, the derivative of
the expected price is

E [p] = 1−
(

1− dF
2

)
dF
dL − µ
1− µ +

d
3
L − µ3

6 (1− µ)

and inserting the expressions for the thresholds’ derivatives, we obtain

∂E [p]

∂c
=

1
2
∂dF
∂c

dF
dL − µ
1− µ −

(
1− dF

2

) [
dL − µ
1− µ

∂dF
∂c

+
dF

1− µ
∂dL
∂c

]
+

d
2
L

2 (1− µ)
∂dL
∂c

= −dF2c
dL − µ
1− µ

(
1− dF

)
+
dL − µ
1− µ

1− dF
2c +

(
1− dF

2

)
dF

1− µ
1− dL

2c − d
2
L

2 (1− µ)
1− dL

2c

=
dL − µ
1− µ

(
1− dF

)2

2c +
1− dL

4c (1− µ)

[(
1− dL

)2 −
(
1− dF

)2
+ 2dL

]
> 0

where the last inequality follows since dF ≥ dL, completing the proof.

A.3 Detailed Characterization of Equilibrium Without Bidding Preferences

As shown in section 2.1, the sellers’ expected profits can be expressed in terms of their probabilities of
winning. Using our assumptions about the distributions of seller fulfillment costs, the probabilities of
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winning are

qF
(
x; dF , dL

)
= Pr

(
bF (x) < bL (vL) |vL ≤ dL

)
Pr
(
vL ≤ dL

)
+ 1× Pr

(
vL > dL

)
= Pr

(
vL >

x

γ
|vL ≤ dL

)
dL − µ
1− µ +

1− dL
1− µ

=


1 , if x < γµ

γ−x
γ(1−µ) , if x ∈

[
γµ, γdL

)
1−dL
1−µ , if x ≥ γdL

(A.17)

qL
(
x; dF , dL

)
= Pr

(
bL (x) < bF (vF ) |vFdF

)
Pr
(
vF ≤ dF

)
+ 1× Pr

(
vF > dF

)
= Pr

(
vF
γ
> x|vF ≤ dF

)
dF +

(
1− dF

)
=

1− xγ , if x ∈
[
µ, dFγ

)
1− dF , if x ≥ dF

γ

(A.18)

Integrating these probabilities we get the expected profits

UF
(
v; dF , dL

)
=
∫ 1

v
qF
(
x; dF , dL

)
dx

=


∫ γµ
v

1 dx+
∫ γdL
γµ

γ−x
γ(1−µ) dx+

∫ 1
γdL

1−dL
1−µ dx , if v < γµ∫ γdL

v
γ−x

γ(1−µ) dx+
∫ 1
γdL

1−dL
1−µ dx , if x ∈

[
γµ, γdL

)∫ 1
v

1−dL
1−µ dx , if x ≥ γdL

=


2−2dL+γd

2
L−µ2γ

2(1−µ) − v , if v < γµ

2−2dL+γd
2
L

2(1−µ) − 2γv−v2

2γ(1−µ) , if v ∈
[
γµ, γdL

)
(1−dL)(1−v)

1−µ , if v ≥ γdL

(A.19)

And similarly for an entrant of type L with fulfillment cost v (where µ < dF
γ )

UL
(
v; dF , dL

)
=
∫ 1

v
qL
(
x; dF , dL

)
dx

=
∫ dF /γ

v
(1− xγ) dx+

∫ 1

dF /γ

(
1− dF

)
dx

=

1− v− dF + d
2
F

2γ + γ
2v

2 , if v ∈
[
µ, dFγ

)
(
1− dF

)
(1− v) , if v ≥ dF

γ

(A.20)

To find the entry thresholds, we need to find the type-F supplier dF and type-L supplier dL who
are indifferent between entering (in which case they receive Ui

(
di; dF , dL

)
− c) and staying out of the

second-stage auction (in which case they receive the contract at price 1 with probability 1
2
[
1− Fj

(
dj
)]

.

61



That is, we need to solve the system of equationsUF
(
dF ; dF , dL

)
− c = 1

2 (1− dF )
1−dL
1−µ

UL
(
dL; dF , dL

)
− c = 1

2 (1− dF )(1− dL)
(A.21)

Since each of these equations has two cases, there are potentially two solutions, depending on whether
dF ≶ γdL. However, there is no solution when dF < γdL. The solution with dF > γdL satisfies

(1−dL)(1−dF )
1−µ = c+ 1

2 (1− dF )
1−dL
1−µ

1− (dL + dF ) +
1

2γ

(
d

2
F + γ2d

2
L

)
= c+ 1

2 (1− dF )(1− dL)

⇔

1− 2c(1−µ)
1−dL

= dF

1
2 (1− dF )(1− dL) +

1
2γ
(
dF − γdL

)2
= c

⇔

1− 2c(1−µ)
1−dL

= dF
√

2γcµ+ γdL = dF
(A.22)

Solving, we see that

dL =
1 + γ −

√
2γcµ−

√
[(1− γ)−

√
2γcµ]2 + 4γc (1− µ)

2γ (A.23)

dF =
1 + γ +

√
2γcµ−

√
[(1− γ)−

√
2γcµ]2 + 4γc (1− µ)

2 (A.24)

which characterize the entry strategies in this equilibrium. Given these, the expected number of
entrants in the auction is

E [n] = FA
(
dA
)
+ FB

(
dB
)
= dA +

dB − µ
1− µ (A.25)

we can also calculate the expected payments to each bidder when their fulfillment cost is v

mF (v) = UF (v) + qF (v) v

=


2−2dL+γd

2
L−µ2γ

2(1−µ) , if v < γµ

2−2dL+γd
2
L

2(1−µ) − v2

2γ(1−µ) , if v ∈
[
γµ, γdL

)
(1−dL)

1−µ , if v ≥ γdL

(A.26)

mL (v) = UL (v) + qL (v) v

= 1− dF +
d

2
F

2γ −
γ

2 v
2, v ≤ dL < dF (A.27)
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The ex-ante expected profits of the two bidders are therefore

EV [mF (v)] =
∫ γµ

0

2−2dL+γd
2
L−µ2γ

2(1−µ) dv+
∫ γdL

γµ

2−2dL+γd
2
L
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2γ(1−µ) dv+
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1−µ dv

= γ2(d
3
L−µ3)+3dF (1−dL)

3(1−µ) (A.28)

EV [mL(v)] =
∫ dL

µ

(
1− dF +

d
2
F

2γ −
γ

2 v
2

)
1

1− µ dv =
[

1− dF +
d

2
F

2γ

]
dL − µ
1− µ +

γ(µ3 − d3
L)

6(1− µ) (A.29)

Together, these imply that the price the auctioneer expects to pay is

E [p] = EV [mF (v)] + EV [mL(v)] + Pr (n = 0)

= 1−
(

1− dF
2γ

)
dF
dL − µ
1− µ +

d
3
L − µ3

6 (1− µ)γ (2γ − 1) (A.30)

A.4 Proof of Proposition 2

Proof. To prove the proposition we proceed in three steps. First, we show that for any level of entry
costs, there is a threshold γ below which introducing preferences at that rate causes prices to increase,
and above which prices decrease. Second, we show that this threshold is decreasing in the entry costs
procurers impose on suppliers. Third we argue that these first two steps imply the proposition. Our first
step can be characterized in the following lemma.

Lemma 3. For every y ∈ [0, 1] there exists a unique γ? (y) ∈ [0, 1] that satisfies

E [p|c = y, γ = γ? (y)] = E [p|c = y, γ = 1] , (A.31)

Moreover, E [p|c = y, γ = 1] ≤ E [p|c = y, γ = γ? (y)] , ∀γ ∈ [γ? (y) , 1] and E [p|c = y, γ = 1] ≥ E [p|c = y, γ = γ? (y)] , ∀γ ∈
[0, γ? (y)]

Proof. Type up proof

The second step is to show that higher-cost procurers have a lower γ?. The following lemma shows
this

Lemma 4. The price-equalizing γ is lower for procurers who impose larger entry costs on suppliers:

∂γ? (y)

∂y
< 0 (A.32)

Proof. Type up proof

From these two lemmas the proof follows easily. To see part (i) consider a particular x < γ. By lemma
3, E [p|c = y, γ = x]−E [p|c = y, γ = 1] < 0 for all procurers whose entry costs y are such that γ? (y) < x.
Conversely, E [p|c = y, γ = x]− E [p|c = y, γ = 1] > 0 for all procurers whose entry costs y are such that
γ? (y) > x. By lemma 4, γ? (y) < x for all procurers with entry costs higher than c? (x), and γ? (y) > x for
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all procurers with entry costs above c? (x), where c? (x) is the unique cost level satisfying γ? (c? (x)) = x.
Part (ii) follows immediately from the continuity of E [p] and E [n] in c and γ.

B Identification of Bureaucrat and Organization Effects with Multiple Con-
nected Sets

As shown in ACK 2002, it isn’t possible to identify all the bureaucrat and organization effects. In par-
ticular, they show that (a) the effects are identified only within connected sets of bureaucrats and orga-
nizations; and (b) within each connected set s containing Nb,s bureaucrats and No,s organizations, only
the group mean of the lhs variable, and Nb,s− 1+No,s− 1 of the bureaucrat and organization effects are
identified. More generally, within each connected set, we can identifyNb,s+No,s− 1 linear combinations
of the bureaucrat and organization effects.

ACK normalize the grand mean of the firm effects to be zero while the person effects have to be mean
zero in each connected set. This is arbitrary, and makes it difficult to compare across connected sets since
all the firm effects are interpreted as deviations from the grand mean, which is a mean across connected
sets. So we will have zero mean constraints on both the person and firm effects in each connected set.
This also allows us to identify S connected set means γs = ᾱs + ψ̄s.

To see this explicitly, write the model as

p = Xβ+ Bα+ Fψ (B.33)

where p is the N × 1 vector of item prices; X is an N × k matrix of control variables, B is the N ×Nb

design matrix indicating the bureaucrat responsible for each purchase; α is the Nb × 1 vector of bureau-
crat effects; F is the N ×No design matrix indicating the organization responsible for each purchase; and
ψ is the No × 1 vector of organization effects.

Suppressing Xβ for simplicity, the OLS normal equations for this model are[
B′

F′

] [
B F

] [ α̂OLS
ψ̂OLS

]
=

[
B′

F′

]
p (B.34)

As ACK (2002) show, these equations do not have a unique solution because [B F]′ [B F] only has rank
Nb +No −Ns, where Ns is the number of connected sets. As a result, to identify a particular solution to
the normal equations, we need Ns additional restrictions on the αs and ψs.

ACK add Ns restrictions setting the mean of the person effects to 0 in each connected set. They
also set the grand mean of the firm effects to 0, so that all the effects are to be interpreted as deviations
from the grand mean. This makes comparisons across connected sets difficult, so we prefer to add 2Ns

restrictions setting the mean of the bureaucrat and organization effects to 0 within each connected set,
and adding Ns intercepts to capture the average bureaucrat and organization effect in each connected
set.
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Specifically, we augment the model to be

p = Xβ+ Bα̃+ Fψ̃ + Sγ (B.35)

where S is theN ×Ns design matrix indicating which connected set each item belongs to; γ is theNs× 1
vector of connected set effects; and we add the restriction that α̃ and ψ̃ have mean zero in each connected
set. Our fixed effects estimates thus solve the normal equations of this augmented model, plus 2Ns zero-
mean restrictions: 

 B′

F′

S′

 [ B F S
]

[
Sb 0 0
0 So 0

]

 α̂

ψ̂

γ̂

 =



 B′

F′

S′

 p

0
0

 (B.36)

where Sb is the Ns ×Nb design matrix indicating which connected set each bureaucrat belongs to, and
So is the Ns ×No design matrix indicating which connected set each organization belongs to.

The following proposition describes the relationship between these estimators and the bureaucrat
and organization effects.

Proposition 5 (Identification). If the true model is given by (B.33), then α̂, ψ̂, and γ̂, the estimators of α̃, ψ̃
and γ in the augmented model (B.35) that solve the augmented normal equations (B.36) (i) are uniquely identified,
and (ii) are related to the true bureaucrat and organization effects α and ψ by α̂

ψ̂

γ̂

 =

 α− Sb
′α

ψ− So
′ψ

α+ψ

 (B.37)

where α is the Ns× 1 vector of connected-set bureaucrat effect means, and ψ is the Ns× 1 vector of connected-set
organization effect means.

Proof. We will prove each part of the result separately. To see uniqueness, first note that the standard
normal equations for (B.35) only has rank Nb +No −Ns. To see this, we note that BSb

′ = FSo
′ = S and

so 2Ns columns of the N × (Nb +No +Ns) matrix [B F S] are collinear. However, the 2Ns restrictions
Sbα̂ = 0 and Soψ̂ = 0 are independent of the standard normal equations, so the first matrix in (B.36)
has rank Nb +No +Ns and hence the solution to (B.36) is unique.

To see the second part, it suffices to show that (B.37) solves (B.36). First, substitute the estimators out
of (B.36) using (B.37) and substitute in the true model using (B.33) to rewrite (B.36) as

 B′

F′

S′

 [B (α− Sb
′α) + F

(
ψ− So

′ψ
)
+ S

(
α+ψ

)]
Sb (α− Sb

′α)

So
(
ψ− So

′ψ
)

 =



 B′

F′

S′

 [Bα+ Fψ]

0
0
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From here, noting again that BSb
′ = FSo

′ = S; that Sbα is an Ns × 1 vector in which each entry is the
sum of the bureaucrat effects; and that Soψ is an Ns × 1 vector in which each entry is the sum of the
organization effects, shows that the two sides are equal, yielding the result

C Technical Appendix on Text Analysis

This appendix provides some of the details of the procedure we use to categorize procurement purchases
into groups of homogeneous products. We proceed in four steps. First, we transform the raw product
descriptions in our data into vectors of word tokens to be used as input data in the subsequent steps.
Second, we develop a transfer learning procedure to use product descriptions and their corresponding
Harmonized System product codes in data on the universe of Russian imports and exports to train a
classification algorithm to assign product codes to product descriptions. We then apply this algorithm
to the product descriptions in our procurement data. Third, for product descriptions that are not suc-
cessfully classified in the second step, either because the goods are non-traded, or because the product
description is insufficiently specific, we develop a clustering algorithm to group product descriptions
into clusters of similar descriptions. Fourth, we assign each cluster in the third step a more aggregated
6-digit HS product code in order to match to external measures of product homogeneity (Rauch, 1999;
Khandelwal, 2010) for use in robustness exercises.

C.1 Preparing Text Data

The first step of our procedure ‘tokenizes’ the sentences that we will use as inputs for the rest of the pro-
cedure. We use two datasets of product descriptions. First, we use the universe of customs declarations
on imports and exports to & from Russia in 2011–2013. Second, we use the product descriptions in our
procurement data described in section [LINK]. Each product description is parsed in the following way,
using the Russian libraries for Python’s Natural Language Toolkit46

1. Stop words are removed that are not core to the meaning of the sentence, such as “the”, “and”, and
“a”.

2. The remaining words are lemmatized, converting all cases of the same word into the same ‘lemma’
or stem. For example, ‘potatoes’ become ‘potato’, and [A good example of the case of a word, but
first look up which case NLK keeps]

3. Lemmas two letters or shorter are removed.

We refer to the result as the tokenized sentence. For example the product description “NV-Print Cartridge
for the Canon LBP 2010B Printer” would be broken into the following tokens: [cartridge, NV-Print,
printer, Canon, LBP, 3010B]. 47 Similarly, the product description “sodium bicarbonate - solution for

46Documentation on the Natural Language Toolkit (NLTK) can be found at http://www.nltk.org/
47The original Russian text reads as �êàðòðèäæ NV-Print äëÿ ïðèíòåðà Canon LBP 3010B� with the following set of

Russian tokens: [êàðòðèäæ, NV-Print, ïðèíòåð, Canon, LBP, 3010B].
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infusion 5%,200ml” would result in the following tokens: [sodium, bicarbonate, solution, infusion, 5%,
200ml].48

C.2 Classification

In the second step of our procedure we train a classification algorithm to label each of the sentences in
the customs data with one of the HC labels in the set of labels in the customs dataset, HC . To prepare
our input data, each of the NC tokenized sentences ti in the customs dataset is transformed into a vector
of token indicators and indicators for each possible bi-gram (word-pair), denoted by xi ∈ XC .49 Each
sentence also has a corresponding good classification gi ∈ GC , so we can represent our customs data as
the pair {XC , gC} and we seek to find a classifier ĝC (x) : XC → HC that assigns every text vector x to a
product code.

As is common in the literature, rather than solving this multiclass classification problem in a single
step, we pursue a “one-versus-all” approach and reduce the problem of choosing among G possible
good classifications to GC binary choices between a single good and all other goods, and then combine
them (RIFKIN 2004 CITE). Each of the GC binary classification algorithms generates a prediction pg (xi),
for whether sentence i should be classified as good g. We then classify each sentence as the good with
the highest predicted value:

ĝC (xi) = arg max
g∈GC

pg (xi) (C.38)

Each binary classifier is a linear support vector machine, with a hinge loss function.50 That is, it
solves

min
wg ,ag

1
NC

NC

∑
i=1

max {0, 1− ygi · (wg · xi + ag)} (C.39)

where

ygi =

1 if gi = g

−1 otherwise

The minimands ŵg and âg are then used to compute pg (xi) = ŵg · xi+ âg with which the final classifica-
tion is formed using equation (C.38). We implement this procedure using the Vowpal Wabbit library for
Python.51 This simple procedure is remarkably effective; when trained on a randomly selected half of the
customs data and then implemented on the reamining data for validation, the classifications are correct
95% of the time. Given this high success rate without regularization, we decided not to try and impose

48The original Russian text reads as �íàòðèÿ ãèäðîêàðáîíàò - ðàñòâîð äëÿ èíôóçèé 5%,200ìë� with the set of Russian
tokens as: [íàòðèÿ, ãèäðîêàðáîíàò, ðàñòâîð, èíôóçèÿ, 5%, 200ìë].

49The customs entry “Electric Table Lamps Made of Glass" is transformed into the set of tokens: [electric, table, lamp, glass].
The original Russian reads as �ëàìïû ýëåêòðè÷åñêèå íàñòîëüíûå èç ñòåêëà� and the tokens as: [ýëåêòðè÷åñêèé, íàñòîëü-
íûé, ëàìï, ñòåêëî].

50A description of the support vector loss function (hinge loss), which estimates the mode of the posterior class probabilities,
can be found in Friedman et al. (2013, 427)

51See http://hunch.net/ vw/.
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TABLE C.1: EXAMPLE CLASSIFICATION - ENGLISH

Contract ID Law Product Description HS10
Code

Example Import Entries

5070512 94FZ folder, file, Erich, Krause,
Standard, 3098, green

3926100000 product, office, made of,
plastic

15548204 44FZ cover, plastic, clear 3926100000 office, supply, made of,
plastic, kids, school, age,
quantity

16067065 44FZ folder, plastic 3926100000 supply, office, cover, plastic,
book

18267299 44FZ folder, plastic, Brauberg 3926100000 collection, office, desk, indi-
vidual, plastic, packaging,
retail, sale

a regularization penalty to improve out of sample fit.[INSERT NUMBER OF TIMES THE CROSSWALK
GETS THE 6-DIGIT HS CODE RIGHT TOO]

Having trained the algorithm on the customs dataset, we now want to apply it to the procure-
ment dataset wherever possible. This is known as transfer learning (see, for example Torrey & Shav-
lik (2009)). Following the terminology of [PAN & YANG CITE], our algorithm ĝC performs the task
TC = {HC , gC (·)} learning the function gC (·) that maps from observed sentence data X to the set of
possible customs labels GC . The algorithm was trained in the domain DC = {XC ,F (X)} where F (X)
is the probability distribution of X. We now seek to transfer the algorithm to the domain of the procure-
ment dataset, DB = {XB,F (X)} so that it can perform the task TB = {HB, gB (·)}. Examples of the
classification outcomes can be found in Tables C.1 (translated into English) and C.2 (in the original Rus-
sian). The three columns on the left present the tokens from the descriptions of goods in the procurement
data, along with an identifying contract number and the federal law under which they were concluded.
The columns on the right indicate the 10-digit HS code (‘13926100000 - Office or school supplies made of
plastics’) that was assigned to all four of the goods using the machine learning algorithm. In addition,
we present the tokenized customs entries that correspond to this 10 digit HS code.

The function to be learned and the set of possible words used are unlikely to differ between the
two domains—A sentence that is used to describe a ball bearing in the customs data will also describe
a ball bearing in the procurement data—so XC = XB , and hC (·) = hB (·). The two key issues that
we face are first, that the likelihoods that sentences are used are different in the two samples so that
F (X)C 6= F (X)B . This could be because, for example, the ways that importers and exporters describe
a given good differs from the way public procurement officials and their suppliers describe that same
good. In particular, the procurement sentences are sometimes not as precise as those used in the trade
data. The second issue is that the set of goods that appear in the customs data differs from the goods in
the procurement data so that HC 6= HB . This comes about because non-traded goods will not appear in
the customs data, but may still appear in the procurement data.

To deal with these issues, we identify the sentences in the procurement data that are unlikely to
have been correctly classified by ĥC and instead group them into goods using the clustering procedure
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TABLE C.2: EXAMPLE CLASSIFICATION - RUSSIAN

Contract ID Law Product Description HS10
Code

Example Import Entries

5070512 94FZ Ïàïêà, ôàéë, Erich,

Krause, Standard, 3098,

çåë¼íàÿ

3926100000 èçäåëèå, êàíöåëÿðñêèé, èç-

ãîòîâëåííûé, ïëàñòèê

15548204 44FZ Îáëîæêà, ïëàñòèêîâûé,

ïðîçðà÷íûé

3926100000 êàíöåëÿðñêèé, ïðèíàä-

ëåæíîñòü, èçãîòîâëåííûé,

ïëàñòèê, äåòè, øêîëüíûé,

âîçðàñòü, êîëè÷åñòâî

16067065 44FZ Ñêîðîñøèâàòåëü, ïëàñòè-

êîâûé

3926100000 ïðèíàäëåæíîñòü, êàí-

öåëÿðñêèé, çàêëàäêà,

ïëàñòèêîâûé, êíèãà

18267299 44FZ Ñêîðîñøèâàòåëü, ïëàñòè-

êîâûé, Brauberg

3926100000 íàáîð, êàíöåëÿðñêèé,

íàñòîëüíûé, èíäèâèäó-

àëüíûé, ïëàñòìàññîâûé,

óïàêîâêà, ðîçíè÷íûé,

ïðîäàæà

described in section [LINK] below. To identify incorrectly labeled sentences, we identify sentences that
have been classified as belonging to a certain good, but are very different from the average sentence
with that classification. To do this, we take the tokenized sentences that have been labeled as good g,
tg = {ti : ĝC (xi) = g} and transform them into vectors of indicators for the tokens vhi.52 For each good,
we then calculate the mean sentence vector as vg = ∑vgi

vgi/ |tg|. Then, to identify outlier sentences, we
calculate each sentence’s normalized cosine similarity with the good’s mean vector,

θgi =
s̄g − s (vgi, vg)

s̄g
(C.40)

where s (vgi, vg) ≡ cos (vgi, vg) =
vgivg

‖vgi‖‖vg‖ = ∑
Kg
k=1 tgiktgk√

∑
Kg
k=1 t

2
gik

√
∑

Kg
k=1 t

2
gk

is the cosine similarity of the sentence

vector vgi with its good mean vg,53 Kg is the number of tokens used in descriptions of good g, and
s̄g = ∑

|tg |
i=1 s (vgi, vg) is the mean of good g’s sentence cosine similarities. Sentences with a normalized

cosine similarity above a threshold θ are deemed to be misclassified. To choose the threshold θ, we use
the customs data again. We apply the classification algorithm to the customs data, and identify correctly
classified sentences (ĝC (xi) = gi) and incorrectly classified sentences (ĝC (xi) 6= gi). A good choice of

52Note that these vectors differ from the inputs xi to the classifier in two ways. First, they are specific to a certain good, and
second, they omit bigrams of the tokens

53Note that the cosine similarity ranges from 0 to 1, with 0 being orthogonal vectors and 1 indicating vectors pointing in the
same direction.
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the threshold θ will minimize the sum of type I and type II errors

V (θ̄) = ∑
ĝC (xi) 6=gi

I
{
θi < θ̄

}
︸ ︷︷ ︸

Type I errors

+ ∑
ĝC (xi)=gi

I
{
θi > θ̄

}
︸ ︷︷ ︸

Type II errors

(C.41)

In the customs data V
(
θ
)

is roughly flat between 0.65 and 0.95, so we choose the midpoint θ̄ = 0.8 as our
baseline threshold, and perform robustness to the choice of threshold by using θ̄ = 0.65, 0.95 instead.

C.3 Clustering

The third step of our procedure takes the misclassified sentences from the classification step and groups
them into clusters of similar sentences. We will then use these clusters as our good classification for
this group of purchases. To perform this clustering we use the popular K-means method. This method
groups the tokenized sentences into k clusters by finding a centroid ck for each cluster to minimize the
sum of squared distances between the sentences and their group’s centroid. That is, it solves

min
c

N

∑
i=1
‖f (c, ti)− ti‖2 (C.42)

where f (c, ti) returns the closest centroid to ti. To speed up the clustering on our large dataset we im-
plemented the algorithm by mini-batch k-means. Mini-batch k means iterates over random subsamples
(in our case of size 500) to minimize computation time. In each iteration, each sentence is assigned to
it’s closest centroid, and then the centroids are updated by taking a convex combination of the sentence
and its centroid, with a weight on the sentence that converges to zero as the algorithm progresses (see
Sculley (2010) for details).

The key parameter choice for the clustering exercise is k, the number of clusters to group the sen-
tences into. As is common in the literature, we make this choice using the silhouette coefficient. For each
sentence, its silhouette coefficient is given by

η (i) =
b (i)− a (i)

max {b (i) , a (i)} (C.43)

where a (i) is the average distance between sentence i and the other sentences in the same cluster, and
b (i) is the average distance between sentence i and the sentences in the nearest cluster to sentence i’s
cluster. A high value of the silhouette coefficient indicates that the sentence is well clustered: it is close to
the sentences in its cluster and far from the sentences in the nearest cluster. Picking k = 6, 500 minimizes
the average silhouette coefficient in the data. For robustness, we also use k = 3, 000 and k = 10, 000.

[add a few examples]
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C.4 Assigning Clusters to 6-digit HS codes

Finally, our fourth step assigns each of the k clusters to a 6-digit HS good classification in order to be
able to match the sentences to external measures of product homogeneity (Rauch, 1999; Khandelwal,
2010) for use in robustness exercises. We begin by taking each usable Russian product code and using
a concordance table (reference) to match it to its corresponding HS-6 classification. Next within each
cluster, we identify the most frequent six-digit code and assign it to all products in that cluster.54 Note
that in this step we have used the Russian product codes contained in the procurement data that we do
not believe are usable to adequately control for quality. Nevertheless, we believe that using aggregate
information within each cluster like this is likely to yield a reliable HS-6 classification for each cluster.

[insert summ stats of how often it works correctly in the classified sample]

54In the case of ties, we choose a random six digit HS code from the most options deemed most frequent.
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D Russian Procurement Totals Over Time

TABLE D.3: TOTAL PROCUREMENT IN RUSSIA BY TYPE OF MECHANISM USED

2011 % 2012 % 2013 % 2014 % 2015 % 2011-2015 %

Electronic Auctions 2,242.43 46.4 3,333.64 54.6 3,418.72 58.0 2,849.01 51.7 2,809.82 51.5 14,653.62 52.7
Single Supplier 1,154.82 23.9 1,330.29 21.8 1,256.14 21.3 974.81 17.7 1,197.50 21.9 5,913.56 21.3
Request for Quotations 178.18 3.7 174.17 2.9 170.08 2.9 65.35 1.2 56.30 1.0 644.07 2.3
Open Tender 898.21 18.6 1,263.04 20.7 1,044.36 17.7 1,332.28 24.2 979.20 17.9 5,517.08 19.8
Other Methods 357.21 7.4 5.99 0.1 5.44 0.1 285.87 5.2 415.64 7.6 1,070.16 3.8

Total Procurement 4,832.86 6,109.13 5,896.75 5,509.34 5,460.47 27,808.56

Russian Non-Resource GDP 42,950.27 51,150.31 54,453.02 60,198.96 66,250.61 275,003.16

Procurement / Non-Resource GDP (%) 11.3 11.9 10.8 9.2 8.2 10.1

This table presents summary statistics about how much procurement was completed under federal laws 94FZ and 44FZ each year according
to the mechanism used. All sums are measured in billions of rubles. Data on Russian procurement comes from the central nationwide Register
for public procurement in Russia (http://zakupki.gov.ru/epz/main/public/home.html). Data on Russian GDP comes from International
Financial Statistics (IFS) at the International Monetary Fund (http://data.imf.org/), which we adjust using the percentage of GDP coming
from natural resources rents as calculated by the World Bank (http://data.worldbank.org/indicator/NY.GDP.TOTL.RT.ZS?locations=RU&
name_desc=true).
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