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ABSTRACT. Using a new e-procurement platform in Chile and natural language
processing algorithms to identify the set of close substitutes for each product, we
construct quality-adjusted measures of efficiency – the amount paid relative the
lowest price available – at virtually zero marginal cost. We then build automated
monthly buyer level performance reports and randomly assigned them across
184 procurement units with over 3,000 buyers. The performance reports reduce
overspending by 15%, equivalent to 0.1% of GDP, but only when the individual
buyer performance reports are disclosed to managers so that buyers are accountable,
consistent with buyers being extrinsically motivated. The biggest gains are for
products where price rankings shift frequently over time, and for buyers who are
more inefficient prior to the intervention and are the most responsive to manager
persuasion. Follow-up surveys confirm the mechanisms: disclosure leads managers
to intensify oversight and they do so most strongly in units that are both inefficient
and composed of responsive buyers. A principal-agent model in which a manager
learns about her buyers’ responsiveness from performance information and chooses
the intensity of her oversight accordingly rationalizes these results.
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1. Introduction

Governments worldwide spend approximately US$13 trillion annually on public procurement —
around 12% of global GDP — yet lose an estimated quarter due to inefficiencies (World Bank,
2022; OECD, 2023). Limited accountability and weak incentives for procurement officers (buyers)
to secure competitive prices are key sources of inefficiency, making value for money a persistent
challenge in public procurement (Decarolis et al., 2020; Bandiera et al., 2009, 2021b; Bosio
et al., 2022; Best et al., 2023). The difficulty arises in part because conventional monitoring tools
like audits, oversight boards, or compliance reviews are costly and often introduce bureaucratic
frictions that exacerbate wasteful spending (Kelman, 1990, 2005; OECD, 2013; Gerardino et al.,
2024). This creates the potential for large efficiency gains from identifying cost-effective ways to
monitor procurement processes and improve price discipline.

Two recent technological innovations offer a low-cost performance monitoring opportunity.
The first is the development of e-procurement platforms built around Framework Agreements,
which centralize public purchasing through competitive digital marketplaces and generate rich
transaction-level records on prices, products, suppliers, and individual buyers (Lewis-Faupel
et al., 2016; Bandiera et al., 2021a; Olivares et al., 2025).1 The second is the application of
natural language processing (NLP) algorithms to create product catalogs, which enables the
automated construction of quality-adjusted groups of close substitutes at scale, a task previously
requiring costly manual classification that inhibited systematic price comparisons across purchases
(Khandelwal et al., 2023; Sun et al., 2014). Together, these innovations make it feasible to create
a monitoring technology that automatically generates individual buyer performance information
at virtually zero marginal costs, thereby avoiding the cost and bureaucratic burden that have
historically limited the effectiveness of procurement oversight.

In collaboration with Chile’s Public Budget Office (DIPRES) and Public Procurement Regulator
(ChileCompra), we leverage these innovations to study how automated performance monitoring
can improve accountability and efficiency of public procurement. Chile was an early adopter
(2007-2008) of e-procurement systems based on Framework Agreements: it operates through
an online platform in which pre-qualified suppliers compete to sell standardized products to
government buyers. We use NLP algorithms to group products into quality-adjusted reference
groups of close substitutes, and measure overspending by comparing the price they paid to the
lowest available price in the relevant reference group. We then aggregate transaction overspending
to the buyer level and produce automated monthly performance reports for each individual buyer.
Since the underlying data are already embedded in the platform, this monitoring system operates
at negligible marginal cost.

1Framework-agreement e-procurement platforms operate in more than forty countries across every region (among
them Korea’s KONEPS, Singapore’s GeBIZ, Italy’s MePA/Consip, the UK’s Crown Commercial Service, and the
GSA schedules in the U.S.) as well as throughout the UN system and the major development banks, each generating
the same kind of transaction-level records. This makes e-procurement monitoring technologies scalable across
platforms.
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We study this monitoring technology through the lens of a principal-agent model in which
a manager seeks to induce efficient search effort from public procurement buyers who are
extrinsically motivated and feel accountable to managers who monitor their performance. Buyers
could feel accountable for a number reasons including the possibility that buyers believe that
performance may influence future promotions or psychological reasons such as feeling proud
when it becomes public how well they are doing or embarrassed when they are publicly observed
to fail. The manager cannot observe buyer effort directly, only performance.

Two features distinguish the setting from a standard monitoring problem. First, civil service
rules fix compensation, so the manager cannot write incentive contracts; her only instruments are
non-pecuniary persuasion actions like setting efficiency goals, holding accountability meetings, or
supervising purchases. However, persuasion only works on buyers who feel accountable and are
therefore responsive to oversight.2 Second, performance information is valuable not only because
it reveals effort but also because it reveals who is persuadable. Information allows the manager to
learn from a buyer’s purchase history over time whether the buyer is persuadable and to choose
persuasion actions accordingly.

The model predicts that performance information from monitoring improves efficiency. In
particular, information allows managers to better use oversight actions to persuade buyers to put
in more effort to find lower prices, and predicts there are larger gains from buyers that are more
persuadable and, therefore, responsive to manager oversight. Gains are also larger among the
poorest performers, where there is the most to gain from more effort, and for products where price
volatility is higher, making search costs larger.

However, manager actions may be ineffective if buyers are intrinsically motivated. This is
consistent with the notion that workers who enter government are motivated by public service and
fully value doing a good job. If so, manager oversight actions have no effect on buyer performance.
In this case, information improves efficiency by letting the buyer know how much they have to
gain with more effort and motivates poor performers to do better without any managerial action.
Therefore, the model predicts efficiency gains from monitoring for both extrinsic and intrinsic
cases, but diverge on whether managerial actions drive the result.

We tested the predictions of our model using a cluster-randomized field experiment with 184
procurement units and more than 3,000 buyers. Units were randomly assigned to one of three
arms: (i) a control group receiving no reports; (ii) a Public arm in which both managers and
buyers received individual performance reports and buyers were informed that their manager could
see their data; and (iii) a Private arm in which only buyers received individual reports and were
explicitly informed that their manager could not see their individual performance. In the Public
arm, managers receive the individual buyer performance information necessary to hold buyers
accountable and can use that information to take action to persuade them to put in more effort

2The dynamic is familiar from the workplace comedy The Office. The manager Michael Scott’s pep talks and sales
contests reliably move Jim or Dwight, who already care about performing well, but do nothing for Stanley, who is
openly indifferent to the job and cannot be talked into caring no matter how the incentive is framed.
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to find lower prices. In the Private arm, managers do not get the individual information, and
performance improves only if the information motivates buyers to do so at their own initiative. As
such, the design allows us to assess the importance of accountability in monitoring systems and to
identify whether extrinsic versus intrinsic motivation drives the results.

The results are consistent with the predictions of the model for extrinsically motivated buyers.
We find that Public information intervention reduced overspend by 15% relative to the control
group. This is equivalent to US$4.5 million of savings for the products under study. Extrapolating
the treatment effect to all Chilean public procurement for a year yields approximately US$150
million in savings, or 0.1% of GDP. Consistent with the model, the gains are concentrated among
buyers who are persuadable, with no detectable effect among those who are not. We measure
persuadability at baseline, before the intervention, through a contingent behavior elicitation in
which buyers were asked whether they would prioritize price over quality if the national budget
office audited a given share of their purchases. Effects are also larger along two further dimensions
the model identifies: among the poorest performers, where there is most to gain, and in product
categories where price rankings shift frequently over time.

Private reports had no effect on overspending and rules out intrinsic motivation. Buyers in the
private arm received the same individual performance information, yet did not reduce overspending,
confirming that individual accountability and not information alone drives the efficiency gains.
This implies that visibility of buyer performance information to the manager is necessary for public
procurement monitoring systems to be effective.

We administered follow-up surveys to managers and buyers to examine mechanisms. Three
findings stand out. First, when individual buyer reports were disclosed to managers in the
Public arm, managers increased their oversight actions, setting efficiency goals, holding regular
performance meetings, and providing training on reducing overspending, among other activities.
These actions were not targeted at specific buyers, however, but applied uniformly to everyone in
the purchasing unit, consistent with the idea that oversight activities of this kind are cost-effective
when administered at scale and prohibitively costly when tailored to individuals. Second, and
consistent with the model, these actions were confined to units with a sufficiently large share of
responsive buyers: managers whose units were largely unresponsive left their oversight unchanged,
and among responsive units, actions were strongest where baseline performance left the most room
for improvement. Third, managers in the Private arm did not adjust their actions at all.

The resulting asymmetry is informative: managers adjusted oversight at the unit level, while
performance improved at the individual level, among responsive buyers with the most to gain. One
implication is that a responsive buyer in a largely unresponsive unit sees no change in oversight
and therefore no improvement in efficiency, i.e., what the mechanism reaches depends on the
composition of a buyer’s unit, not only on his own type. Non-pecuniary oversight can thus improve
efficiency where buyers work under fixed compensation rules, and it does so without requiring
managers to identify which of their individual buyers will respond, only that a sufficiently large
share of them do.
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Our paper contributes to at least four strands of literature. First, we contribute to the literature
on inefficiency in public procurement (Best et al., 2023; Dimitri et al., 2006; Bandiera et al., 2021b).
A central debate in this literature concerns the optimal balance between rules and discretion
in procurement (Kelman, 1990; OECD, 2009). Several recent studies document the benefits
of discretion in procurement outcomes (Spagnolo, 2012; Coviello et al., 2018; Carril, 2019;
Bandiera et al., 2021a), while others show that the capacity of bureaucracies to monitor and
enforce contracts limits the gains from relaxing procurement rules (Decarolis et al., 2020; Bosio
et al., 2022; Palguta and Pertold, 2017; Szucs, 2024; Liscow et al., 2023). Our paper complements
this work by showing that performance monitoring can substantially reduce passive waste while
keeping rules, organizational structure, and contracts fixed, a dimension largely unexplored in
this literature. Moreover, we show that recent technological innovations enable a cost-effective
scalable monitoring technology for purchases made in the context of framework agreements.

Second, we contribute to the literature on performance monitoring and management practices

in organizations. A large body of work studies how monitoring technologies, management
practices, and incentive schemes affect worker productivity.3 Within this literature, Bandiera et al.
(2021a) show in a public procurement context that the effectiveness of organizational-design levers
— autonomy and performance pay — depends critically on the behavior of the monitor one level
up in the hierarchy: autonomy lowers prices most where monitors cause costly delays, while
incentives work only where they do not. Their result illustrates that procurement performance
cannot be understood one layer of the hierarchy at a time, a lesson our design speaks to directly: we
hold the information buyers receive fixed and vary only whether it is also visible to their manager,
isolating how a second layer of the hierarchy (i.e., managerial accountability) shapes whether that
information translates into lower prices.

We also relate to work studying e-procurement platforms directly: Lewis-Faupel et al. (2016)
show that adopting e-procurement in India and Indonesia improves quality and reduces delays, by
increasing competition and reducing personal interaction between bidders and officials. Olivares
et al. (2025) show that inducing more competition in the auctions to select suppliers of the e-
procurement platform in Chile generate significant reductions in transaction prices. We show
that the same platforms generate a complementary source of savings once their transaction
data are repurposed into individual buyer performance information: prices fall not because the
platform changes the competitive environment bidders face, but because it makes individual buyer
accountability observable to managers, and all at virtually zero marginal cost.

Our paper is also connected to work on managerial attention as an organizational resource.
Halac and Prat (2016) model attention as a costly technology that lets a manager recognize worker

3On management practices and productivity more broadly, see Bandiera and Rasul (2011) on the use of field
experiments to study firm behavior, Bandiera and Rasul (2013) on team incentive pay, and Bloom and Van Reenen
(2007) and Bloom et al. (2019) on cross-country variation in management quality and its productivity consequences.
On monitoring and incentives among public employees more specifically, see Khan et al. (2016) on performance pay
for tax collectors, Khan et al. (2019) on performance-based postings for bureaucrats, and Dal Bó et al. (2021) on
information technology and decentralized government decision-making.
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performance, but that can break down without the worker observing it. Effort therefore depends
on workers’ beliefs about whether they are being seen. When recognition is of good performance,
a long spell without recognition leads the worker to infer that the manager is no longer paying
attention, so effort falls; the manager’s investment in attention is not enough to stop the decline, and
the relationship deteriorates. These dynamics do not arise when recognition is of bad performance
or does not depend on effort: absent recognition, beliefs and effort stay constant.

Our setting relates to theirs in two ways. First, the reports we study act as an attention
technology that does not decay: they are produced automatically every month at virtually zero
marginal cost and record each buyer’s performance whether it is good or bad. In Halac and
Prat’s terms, this is closer to the case in which deterioration does not occur, because buyers in
the Public arm know their manager sees their performance every month rather than having to
infer it from occasional recognition. Second, where they study how attention evolves within a
single ongoing relationship, we study a manager who, at a point in time, must allocate a fixed
persuasion technology across many buyers of heterogeneous and initially unknown type. The
common thread is that the value of managerial information lies not in monitoring effort directly
but in guiding a scarce, non-contractible managerial resource (attention in their model, persuasion
in ours) toward the individuals for whom it will matter. Consistent with this, managers in the
Public arm concentrated their actions in units where the reports revealed responsive buyers and
substantial room to improve, and the efficiency gains came from responsive buyers.4

Related, Blader et al. (2020) show that whether individual performance information changes
worker behavior depends on the organizational context in which it is delivered — in their setting,
the values a trucks firm has cultivated around teamwork and empowerment.5 Our results point to a
different, more portable complement: individual performance information changes buyer behavior
only when it is paired with managerial visibility, regardless of the surrounding organizational
culture.

Fourth, we contribute to the literature on extrinsic versus intrinsic motivation (Bénabou and
Tirole, 2003). Our experimental design directly identifies the extrinsic channel by varying whether
individual buyer performance is observable to the manager while holding the information given to
buyers constant — a cleaner separation than is available in most field settings. Our results favor
the extrinsic motivation channel, and this is consistent with previous work in public procurement.
Engel et al. (2021) show that Chilean procurement units receiving an experimental audit threat
letter two weeks before the end of the fiscal year reduced year-end aggregate procurement spending
by one third relative to control group units, and similar results are found by Zamboni and Litschig

4The role of targeted persuasion also echoes recent evidence on local information and state capacity: Balán et al.
(2022) find that Congolese city chiefs raise tax compliance not by being more persuasive conditional on contact, but
by using local information to target the households most likely to pay, the same targeting logic our model formalizes
for procurement managers.

5The trucking industry has become a natural testbed for studying monitoring technology, since on-board recording
devices offer sharp, quasi-experimental variation in what a principal can observe about an agent’s effort. See Hubbard
(2000, 2003) on how on-board computers affect the demand for monitoring technology, and Baker and Hubbard
(2003, 2004) on how the same technology reshapes asset ownership, job design, and governance within the firm.
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(2018) for audit threats experiments run in Brazil. Beer et al. (2021) use a lab procurement game to
show that buyers reduce overspending when observed by peers, driven by social norm compliance.
Our paper differs from these in focusing on performance information interventions as well as the
principal-agent axis of information flow (i.e., whether performance is observable to the manager
or not) and in providing direct evidence on the mechanism linking information to behavior. Audit
threats and peer observation operate through the anticipation of punishment or social sanction; our
intervention instead discloses routine performance information with no threat of penalty attached.

Finally, a closely related design is Mattsson (2025), who sends supervisor-visible performance
scorecards to Bangladeshi civil servants and finds they raise on-time service delivery, without any
explicit threat of sanction — evidence that supervisor visibility alone, our own mechanism, can
change bureaucratic behavior outside our setting as well. His results also carry a caution worth
noting: improved reputational standing relaxed the informal constraint on bribe-taking among
high performers, an unintended consequence of visibility we do not find evidence of in our setting,
where overspending confers no comparable private benefit to the buyer. Because we observe
managerial oversight actions directly through follow-up surveys, we can trace the causal chain
from information to managerial response to buyer effort, rather than inferring accountability from
an aggregate spending response alone.

2. Public Procurement in Chile

Like most public procurement systems, Chile’s combines some degree of centralization with
input from local purchasing units (OECD, 2019; Carpineti et al., 2006). In 2003, Chile adopted
new regulations that mandated the creation of a Central Procurement Body (CPB), Chilecompra,
located in the Ministry of Finance. Chilecompra creates the rules and mechanisms for purchases,
but procurement itself is decentralized to procurement units located in the ministries.6

2.1. Organization and Priorities

Procurement involves three layers of authority. At the top, Chile’s Public Budget Office (DIPRES,
part of the Ministry of Finance) is responsible for allocating resources annually to each local
procurement unit. Each local procurement unit is managed by a Director (“Manager”), who lead a
team of procurement officers (“Buyers”). In 2019, there were 224 public procurement units with
9,300 registered buyers in the central government, with a median of 20 procurement officers per
unit.7 The Manager communicates purchasing needs to buyers who are in charge of implementing

6As emphasized by OECD (2019), CPBs like Chilecompra have a number of advantages: (a) tighter control of
expenditures; (b) economies of scale with fewer suppliers; (c) more bargaining power; (d) lower administrative
costs; and (e) higher productivity. In contrast, non-centralized, local bodies can be more effective when they have an
information advantage in selecting local suppliers and there is heterogeneity in local purchaser preferences.

7This excludes municipalities, public universities, and public enterprises, which collectively contribute an additional
6,000 buyers to the procurement system, but these public entities operate independently of the Ministry of Finance’s
direct oversight.
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the solicited purchases through purchase orders.
Although managers have formal authority over buyers, their ability to discipline or reward

purchasing performance is constrained by civil service regulations that fix salaries and limit
discretionary personnel decisions. In practice, the instruments available to managers are non-
pecuniary: setting purchasing goals, holding periodic coordination meetings, supervising individual
purchase orders, and providing guidance to buyers.

The budget allocation process creates a system in which efficiency is not a primary concern.
Each unit receives an annual budget, and the next year’s allocation is driven by the extent to which
the current year’s budget allocation is fully spent. In fact, the highest proportion of purchases is
concentrated at the end of the fiscal year, suggesting wasteful spending (Engel et al., 2021).8 Indeed,
our baseline survey of managers provides evidence that managerial attention is predominantly
oriented toward budget execution rather than purchasing efficiency: almost 90% agreed with the
statement “There is pressure from DIPRES to fully spend this year’s budget,” and 23% recognize
that “Sometimes purchases need to be made at high prices to comply with budget execution by the

end of the year.”9 When asked what would happen if the unit failed to fully spend its allocation
but could demonstrate considerable savings, fewer than one in three managers expects savings to
be rewarded (Figure B.1 Panel A). Managers also exhibit limited concern that DIPRES actively
monitors procurement behavior or assigns significant weight to purchasing efficiency in budget
decisions; 46% of managers report that savings are a low priority for DIPRES in budget allocation
decisions, and only 38% report that DIPRES closely monitors its procurement expenditures (Panel
B of Figure B.1). This is consistent with a system where the value of generating savings is low
and possibly negative, providing little basis for managers to internalize efficiency as an important
performance criterion.

In fact, consistent with these priorities, managers provide little oversight of spending efficiency.
Generic oversight actions are present but far from universal. Less than one third of buyers
report that their manager sets explicit efficiency goals, holds regular meetings about purchasing
performance, or monitors and supervises individual purchases (Figure B.2 Panel A).10 More
targeted and information-intensive actions are essentially absent (Figure B.2 Panel B). Only 6% of
buyers report that their manager keeps records that track overspending by individual buyer, and
only 3% report having received training specifically aimed at reducing overspending. Performance-
based consequences for individual purchasing behavior are nonexistent, reported by less than 1%
of buyers in the control group.

Together, these patterns suggest that the organizational environment is characterized by two

8Similar findings have been documented in other contexts. For example, Liebman and Mahoney (2017) show that
spending by the U.S. Federal Government in the last week of the year is 4.9 times higher than the rest of the year.

9The baseline survey was conducted with N = 163 managers prior to the intervention, between February and April
2020. A full description of the survey instrument and sample is provided in Section 5.

10Figure B.2 uses the survey of control group buyers to measure what normal managerial behavior looks like absent
any external stimulus. Under random assignment, the control group provides a valid counterfactual for what treated
units would have looked like absent the intervention, so we interpret control group endline means as representative
of pre-intervention managerial behavior across all units.
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compounding features. First, managers face institutional incentives that discouraged prioritizing
procurement efficiency over budget execution and limit perceived consequences for overspending.
Second, the absence of systematic buyer-level performance information meant that management
oversight of buyer behavior is generic and untargeted. The result is a system where buyers operate
with substantial discretion and little visibility: managers cannot easily distinguish efficient from
inefficient purchasers, and have limited institutional reason to try.

2.2. Procurement Channels

The 2003 reform established three main purchasing channels based on the size of purchase. The
first is auctions for large purchases above USD $74,000. Auctions were used for more than 57%
of government expenditures and roughly 33% of transactions in 2019.11 The second is direct

purchases from a supplier chosen by the buyer for small expenditures less than USD $740. Direct
purchases accounted for 17% of transactions and 20% of expenditures. The third is Framework

Agreements (FAs) for expenditures between USD $740 and USD $74,000. FA purchases were
used for 22% of government expenditures and 50% of transactions.

FAs use competitive bidding to select a set of products and services to be listed on an electronic
platform called “Mercado Público” from which local buyers make purchases. It seeks a balance
between a CBP competitive bidding process to lower costs and maintain quality while allowing
the buyer to have flexibility in the choice of specific products and suppliers (Albano and Nicholas,
2016). FAs are implemented in two stages. First, Chilecompra posts a catalog of desired products
and auctions the rights to list these products on the online marketplace to suppliers. Bids contain
the highest price that sellers can charge, including delivery. Chilecompra sets other minimum
service quality requirements, such as maximum delivery time, so that suppliers compete in price
only. In the second stage, buyers make purchases on the online marketplace and have complete
flexibility to choose among the listed products at the posted prices.

Chilecompra generates competition in the online market by (i) awarding multiple suppliers
for similar products the right to list their products, and (ii) allowing suppliers to discount prices
below their first stage bid at anytime. FAs use competition to enter the market and during market
operation to ensure competitive prices, including delivery costs and time, and reduce buyers’
search effort to find products and services that satisfy the preferences of their local units (Saban
and Weintraub, 2021).12 By increasing competition through the auction stage, the implementation
of FAs reduces the chances of active waste, such as corruption in supplier selection. However,
passive waste may still remain in the second stage, as buyers have discretion in choosing products
in the online catalog.

11https://datos-abiertos.chilecompra.cl/
12While competitive bidding can lower procurement prices (Bulow and Klemperer, 1996), there is a risk that under-

qualified contractors win bids (Carril et al., 2022).
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2.3. Purchasing in Framework Agreements

Purchasing efficiently requires effort to search the marketplace for suitable products that meet their
needs and compare their prices (Dinerstein et al., 2018). However, this can be quite complicated
because most products are not easily comparable. Consider a buyer seeking for “Grated Cheese”
(Queso Rallado) to be delivered to municipal schools. Figure A.I provides an example of the
search process. Each product shown is a Product ID and the price displayed is the minimum price
across all the suppliers that sell that product. The price variation between the different products
is large, ranging from $659 to $3,433 due to differences in brands, sizes, and quality. The red
boxes highlight the two products that have the same brand and size, whereas the other products are
different brands or sizes.

Supplier prices, including delivery costs, also vary by location (see Figure A.II). Because there
are no standardized attributes associated with each product, the platform does not provide a clean,
unified view to compare alternatives on all relevant dimensions at once. Identifying a cheaper
acceptable alternative often requires additional effort: clicking more product pages, checking
descriptions, making calculations, and selecting suppliers from the listed options.

Buyers within procurement units can be heterogeneous in terms of their preferences for
efficiency. Qualitative research conducted suggests that buyers purchasing differs along two
dimensions: (i) how much they value price vs. quality; and (ii) the amount of effort they are
willing to spend to find options in the marketplace. For instance, “Efficient” purchasers care about
price and actively search for the lowest price options. Likewise, “Picky” buyers engage in an
active search but prioritize top-of-the-line quality regardless of price, while “Lazy” purchasers
are reluctant to search and choose the first option available, paying little attention to prices or
quality. This heterogeneity in search effort and price-quality tradeoffs is not directly observable to
managers, creating an information asymmetry that is central to understanding why performance
monitoring may matter — and whether managers have the incentives to act on it.

Search costs in repeated purchases may require reevaluating options to identify the lowest
price option each time. In this case, search costs depend on the number of eligible products, price
dispersion, and how prices are adjusted dynamically. Some buyers may display “stickiness" in
repeated purchases: rather than re-evaluating each time, buyers may stick with the same Product ID
or supplier purchased in prior orders to reduce search costs (Wathne et al., 2001; MacKay, 2022).
This strategy is optimal if the lowest price supplier does not change over time but is suboptimal
when the lowest price supplier changes over time. Hence, the potential gains from the buyers’
search effort depend on two empirical features of the FA marketplace: (1) Cross-sectional price

dispersion across alternatives within a group of comparable products, where greater dispersion
increases the savings from switching to a cheaper option; and (2) Changes in relative price

rankings over time require buyers to re-evaluate which product and supplier on every purchase, as
the cheaper options may vary dynamically (more on this in Section 3.2).
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3. Measuring Buyer Performance

We developed a system to monitor purchase efficiency in the FA channel, which has two key
advantages. First, products offered in the FA digital marketplace are classified with a standardized
catalog using a set of objective attributes that capture product differentiation (OECD, 2019). In
addition to observable product characteristics, FA contracts establish service delivery time and
location standards, warranties, and other quality dimensions. Consequently, FA products and
contractual terms are sufficiently standardized to facilitate price comparisons. Second, the FA
marketplace provides a digital searchable database for all products and services each day to be
able to find the prices of close substitute products for comparison purposes.

3.1. Overprice

In the FA channel, buyers purchase by issuing purchase orders. A purchase order may contain
multiple products, and for each product, the buyer may purchase several units. ChileCompra

provided line-item-level transaction records between February 2020 and January 2021, where each
line item corresponds to a distinct product regardless of the number of units purchased per product.
For each line item, the data report the quantity ordered, the per-unit price paid, the product ID, the
product category, the buyer identifier, the procurement unit, the delivery region, and the transaction
date. We measure purchase efficiency through an overprice index at the per-unit of product, which
is defined as the difference between the per-unit price paid for the product and the lowest per-unit
alternative price among comparable products available on the same date, scaled by the latter.

More formally, consider a transaction on day t in which the buyer purchases a product i at a
per-unit price pit. Let Ri be the reference group for this product, i.e., a set of products that are
sufficiently similar in functionality and quality to be plausible close substitutes for product i. A
reference group forms a partition among the set of products available in the marketplace, so that
each product has a unique reference group. Denote a per-unit reference price rit = min{pit}j∈Ri

as the minimum per-unit price in the reference group j of product i on day t. The difference
between the per-unit price paid and the per-unit reference price, pit − rit, is the potential savings
that buyers would generate by purchasing the lowest-price substitute. Scaled by the latter, the
per-unit overprice (opit) is defined as:

opit =
pit − rit

rit
. (1)

This metric has a simple interpretation: the proportional savings per-unit of purchased product

that could have been achieved on date t if the buyer had selected the lowest-priced alternative from
the reference group.
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3.2. Building reference groups

The validity of opit depends critically on how the reference group is constructed. Products
grouped into a reference group must be sufficiently comparable in functionality and quality so
that they constitute reasonable substitutes for the product purchased. Grouping based solely on
identical products (Product ID) is too narrow a definition in most cases and may omit many
meaningful substitutes, limiting the opportunity to reduce spending. For example, considering
only ballpoint pens when felt tip might work just as well would miss a relevant close
substitute. Groupings of close substitutes that include multiple Product IDs sharing the same
quality-relevant attributes would be broader. This approach provides a reasonable balance by
constructing substitute sets tight enough to preserve comparability while large enough to make
reasonable price comparisons, but it requires identifying detailed product characteristics for
thousands of products, which may be difficult to scale.

Constructing such groups requires two things: structured information on what each product is,
and a rule for how finely to group products on that information. We take these in turn, and then
characterize the price variation within the resulting groups, which determines how much a buyer
stands to gain from search.

From free text to product attributes. Constructing attribute-based reference groups requires
converting open-text product descriptions into structured information. ChileCompra developed a
new catalog design in the auction stage of the FA, with the objective of generating price competition
to enter the market (Olivares et al., 2025). Each FA catalog maintains a tagged data system that
maps a product’s free-text description to standardized categorical and numerical attributes, and we
use these attributes to define reference groups. Tagging is overseen by ChileCompra managers,
assisted by automated tools based on an NLP algorithm adapted from Sun et al. (2014), itself built
on Word2Vec (Mikolov et al., 2013).13

Catalogs differ substantially in how many attributes they tag and how consistently they do
so, and not all support reference groups of comparable quality. Working with ChileCompra,
we identified three catalogs in which attributes are tagged densely and consistently enough to
construct reference groups: Computers, Office Supplies, and Food. We restrict the analysis to
these categories. Table A.I lists examples of product types in each category together with the
attributes reliably identified for each. 14

For example, consider Grated Cheese as described in Appendix Table A.II, which shows
the extracted attributes for the two products highlighted in red in Figure A.I.15 Each row corresponds
to a unique Grated Cheese product in the catalog. The two share the same brand and weight
and are sold by the unit. Because comparing prices is only meaningful across products of the

13This work was conducted in 2019, prior to the massification of Large Language Models.
14Some products cannot be tagged informatively enough to support a quality assessment — most notably several

fresh-food categories. ChileCompra excluded these from efficiency reporting. The exclusions were made by
ChileCompra in the course of building the monitoring system, prior to and independently of the experiment.

15Appendix Table A.III provides additional examples for other product categories, showing product descriptions along
with the extracted attribute values.

11



same weight and quantity, exact matches on those attributes are required for products to enter the
same reference group; the remaining products on the search page in Figure A.I are excluded on
this basis alone. The two products do differ in one attribute, flavor: one is parmesano, the other
reggianito. Whether this difference warrants separating them is a judgment about quality, and the
price data are informative. The last column of the table reports each product’s average price across
all suppliers offering it during the baseline period, January to May 2020; the two differ by about 4
percent. A gap this small is unlikely to reflect a difference in quality that would invalidate a price
comparison, and ChileCompra accordingly treats flavor as non-essential here and keeps the two
products in one reference group.

Defining groups. Any reference group definition faces a trade-off. Narrow groups guarantee
that the products being compared are genuinely close substitutes, but may leave few alternatives
against which to benchmark a purchase, so that a buyer paying the only available price registers no
overprice even when cheaper substitutes exist. Broad groups expand the set of alternatives, but
risk attributing to buyer inefficiency a price gap that in fact reflects unobserved quality. We assess
three candidate definitions against this trade-off: (i) identical products (same SKU), (ii) products
sharing the same tagged attributes, and (iii) products of the same Product Type.

Two statistics summarize the price variation within a reference group, and we use them both to
compare candidate definitions as well as to characterize the returns to search. The first measures
cross-sectional price dispersion between products. Let p̄i = 1

T

∑
t pit denote the average price of

each supplier-product, indexed i, over a period T , which removes the variation associated with
dynamic pricing. For each reference group R, the Coefficient of Variation is CVR = σR/p̄R, where
pR and σR are the mean and standard deviation of the average prices p̄i across all products i ∈ R.

The second captures time variation in price rankings. Define Pt = {pit}i∈R as the set of prices
in reference group R on date t, and wit = rankPt(pit) as the position of the product’s price in this
ranking. The standard deviation of this ranking for each product, SDRanki = StDev({wit}t),
captures how frequently that product changes its relative price position over time. The average of
these standard deviations across all products i ∈ R constitutes the Price Ranking StdDev for the
reference group.16

Using baseline data for Computers, Office Supplies, and Food catalog purchases during the
period January to May 2020, Table A.IV reports, for each candidate definition, the number of
suppliers per group, the Coefficient of Variation, the Price Ranking StdDev, and Overprice. First,
“Same Product Type" group fail the comparability requirement decisively: they average 393
suppliers, a coefficient of variation of 0.64, and a mean overprice above 1,000 percent. Dispersion
of this magnitude reflects quality heterogeneity rather than buyer inefficiency, and these groups are
unusable for benchmarking.

Second, “Identical-product" group sit at the opposite end. They are comparable by construction,

16An alternative is to measure the longitudinal price variation of each supplier; however, this does not necessarily
imply changes in the price order of suppliers if price shocks are common to all suppliers in a reference group (i.e.,
these could be “parallel” shifts of the price time series).
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and their low dispersion (CV of 0.08) confirms it, but they are also the smallest, with 8.2 suppliers
on average. “Same Attributes" groups occupy the middle: 12.2 suppliers on average, with a CV of
0.11 and ranking variability comparable to “Identical-product" group, so the broader group admits
more alternatives without importing the dispersion that signals quality heterogeneity. “Same
Attributes" groups nevertheless yield a mean overprice of 0.21, roughly double that of “Identical-
product" groups. This gap could reflect either the larger choice set or residual unobserved quality
differences, and the data do not distinguish between the two.

We therefore adopt a Mixed definition, combining identical and same attributes. That is,
products enter the same reference group when they share the same Product Type and identical
values of all identified attributes, including brand, all conditional on that they are sold in the same
geographic region. The regional dimension matters because Framework Agreement contracts
regulate delivery standards — delivery fees, shipping costs, fulfillment performance, product
availability, shipping arrangements, and delivery schemes — at the regional level, and suppliers
face different delivery costs and conditions across areas. Constructing groups separately by region
therefore holds service and logistics conditions fixed within any price comparison.

The Mixed definition further isolates outlier products into single-product groups. ChileCompra

continuously revises its reference group definitions, comparing the price spread across brands and
other attributes to evaluate whether these capture quality differences that merit separating products
out. Part of this process identifies prices exhibiting abnormally high overprice, which are typically
unique transactions associated with unusual product characteristics. To be conservative, product
IDs with an overprice greater than 100 percent are removed from their original reference group
and reassigned to single-product groups. This preserves nearly the full choice set (11.7 suppliers,
against 12.2) while bringing the mean overprice from 0.21 to 0.11, close to the identical-product
benchmark. The isolated observations are precisely those where an unobserved quality difference
is most plausible, so the restriction removes the cases in which attribute-based grouping is least
defensible, at little cost in comparison scope.

Two caveats bear noting. First, the our reference-group choice is a judgment about where to sit
on the comparability–coverage trade-off rather than a validated optimal approach, since we observe
no independent measure of true substitutability. Second, the 100 percent threshold is conservative
by construction, following ChileCompra’s own practice of avoiding comparisons across products
of mixed quality; it is not derived from the data. When presenting results, we therefore report
estimates using the strictest alternative (identical-product groups only) as a robustness check on
how far the findings depend on this choice.

Under the Mixed definition, 514,398 of the 867,916 products transacted between February
2020 and January 2021 have a well-identified reference group and hence a computable per-unit
overprice, representing almost 60 percent of demand. Of these, 206,704 were purchased by buyers
working in procurement units subject to the experiment, and constitute our sample of analysis
(more in Section 5).

Price dispersion. The potential gains from the buyers’ search effort depend on the two sources
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of price dispersion defined above. Greater cross-sectional dispersion increases the savings available
from switching to a cheaper alternative within the group. Changes in relative price rankings over
time require buyers to re-evaluate which product and supplier to choose on every purchase, as the
cheaper option may vary dynamically. The potential returns to search are therefore larger when
comparable products exhibit both higher price dispersion and higher ranking variation.

Figure A.III illustrates the distinction, presenting posted prices for two product groups between
January and May 2020. The top graph shows the Grated Cheese example from Section 3.2,
which includes the two Product IDs of similar characteristics but different flavors. Each Product ID
is represented by a different color, and the time series represent the prices of distinct suppliers. Most
of the price variation is cross-sectional, with a Coefficient of Variation of 5 percent. Interestingly,
there is negligible variation in prices over time: the ranking of suppliers by price remains essentially
the same throughout. For this type of product, a buyer can invest once in searching among the
available options to find the cheapest one and then stick to it for future purchases.

In contrast, the bottom panel of Figure A.III illustrates the price dynamics of a Cookie
Snack (Galleton Nutrabien); this product group includes four Product IDs with similar characteristics
(each one represented with a distinct color) offered by multiple suppliers. The price dispersion
across suppliers is similar to the Grated Cheese example, with a Coefficient of Variation
around 5 percent. However, the dynamics over time differ, showing frequent changes in the relative
price rankings across the purchasing options. While for Grated Cheese (top graph) finding
a low-price supplier and sticking to it provides a reasonable purchase strategy, this “stickiness”
performs worse for the Cookie Snack (bottom), which requires a new search on every purchase
to identify the lower-priced supplier at each point in time.

4. A Model of Managerial Learning and Oversight in Procurement

4.1. Set Up

Consider a procurement unit composed of a Manager and a single Buyer. The Buyer is tasked
with purchasing a standardized product at the lowest possible price. In the absence of corruption
or active waste, passive waste may still arise if the Buyer’s search effort to seek out the lowest
price is insufficient. The Manager can try to persuade the Buyer to put in more search effort
through a series of managerial actions such as setting efficiency goals, holding regular meetings,
supervising purchases, creating purchasing manuals, or training programs, to name a few. However,
the manager only observes the price paid and not the Buyer’s search effort.

Suppose that the Buyer is extrinsically motivated and derives no utility from low prices per

se. In this case, he only supplies search effort in response to rewards for finding lower prices and
managerial pressure. By default, he exerts minimal search effort and obtains a purchase price µ for
the product17. The Manager can try to persuade the buyer to provide a higher search effort through

17One can think of minimal effort as a single draw in a sequential search process: the Buyer samples one price from
the distribution of available prices and accepts it, so the expected purchase price is the mean µ.
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a set of actions. Doing so can potentially lower the price down to a minimum of pm ≤ µ.18 Let
a ∈ [0, A] represent the intensity of managerial actions, with c(a) being the cost of a, which we
assume strictly increasing and convex.19

The effectiveness of the Manager’s actions depends on the Buyer’s responsiveness, captured
by the Buyer’s type θB ∈ Θ ⊆ [0, 1]. A Buyer with a higher θB is more receptive to managerial

persuasion, making it more likely that the Manager’s actions successfully induce the price pm.
The Manager persuades the Buyer to buy at price pm with probability P (θB, a) = θBϕ(a), with
ϕ(a) strictly increasing and concave function of a.

We assume that θB is unobservable to the Manager, i.e., she does not know how responsive the
Buyer is to her persuasive actions. However, the Manager can learn about θB through information
I ∈ [0,∞) accumulated from the Buyer’s purchase history and his efficiency performance. The
more information the Manager accumulates, the more accurate is her estimate of θB , allowing her
to better adjust actions. There are multiple ways in which the performance information can reveal
the buyer’s type θ̂B(I). For instance, a manager that receive monthly performance reports with
purchasing information of the buyer can learn how the buyer performs over time. Alternatively,
the comparison can be cross-section relative to the performance of buyers in other units. Either
way, the manager can use the performance information to evaluate whether the buyer has been
responsive to her managerial actions or not.

In the absence of any information, the Manager’s best guess is the population average θ̄. Using
information I , the Manager’s belief about θB is given by:

θ̂B(I) = α(I)θ̄ + (1− α(I))θB (2)

with α(I) strictly decreasing in I , α(0) = 1 and α(I)
I→∞−−−→ 0. Thus, if the Manager has no

information, the Manager’s belief is θ̄. As information goes to infinity, θ̂(I) converges to θB . The
Bayesian updating process is simple. Suppose the Manager holds a Normal prior θB ∼ N (θ̄, σ2

0)

and each period observes a noisy signal st = θB + εt, with εt ∼ N (0, σ2
ε) i.i.d. After accumulating

I signals with sample mean s̄I , the posterior yields θ̂B(I) = α(I)θ̄ + (1 − α(I))s̄I , where
α(I) = σ2

ε/(σ
2
ε + Iσ2

0). Notice that the posterior mean depends on the realized signals s̄I , which
are stochastic. Then, as I → ∞, s̄I → θB almost surely. Finally, we use Equation 2 as a
simplification that keeps the model tractable and is sufficient to capture the key dynamic: as the
Manager accumulates more information, her belief transitions from the prior θ̄ toward the Buyer’s
true type θB, allowing her to better tailor her actions over time.

18In principle, the buyer can face a distribution of multiple prices for the sought product, yet for simplicity we assume
the buyer decides between two potential prices, either µ or the minium price.

19The intensity of managerial actions could refer to the number of actions taken or the quality of those actions, yet for
tractability we do not make a specific distinction of attributes of the actions.
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4.2. The Manager’s Problem

The Manager’s objective is to minimize overspending net of the cost of persuasion effort. Let v(p)
be the Manager’s utility from purchasing the item at price p ∈ (pm, µ). We assume that v(·) is
strictly decreasing and concave. Then, the Manager’s payoff is given by:

um(a, θ̂B(I)) = P (θ̂B(I), a)v̄ + (1− P (θ̂B(I), a))v − c(a), (3)

with v̄ = v(pm), and v = v(µ).
The Buyer is required to follow a purchasing protocol, and at the minimum, the Manager is

required to oversee that the Buyer correctly follows this protocol. Thus, we will assume that the
Manager must exert at least a minimum intensity of managerial actions a0 = argmax{um(a, θ̄) | a ≥
0}. The Manager’s problem is defined as:

a∗(I) ∈ argmax{um(a, θ̂B(I)) | a ≥ a0}, (4)

More information may not lead to increases in the intensity of managerial actions. This is
because the Manager’s optimal action intensity depends on her belief about the Buyer’s type,
θ̂B(I). If θ̂B < θ̄, then the manager realizes that the Buyer is less responsive to her actions than she
expected when no performance information was available. Therefore, her optimal action profile
will not change, a∗(I) = a0. Conversely, if θ̂B > θ̄, new performance information reveals that the
Buyer is more responsive than the Manager initially believed, and hence will optimally increase
the intensity of her actions above the minimum a0.20

Once the action profile a∗(I) is chosen, the probability of achieving the lowest price depends
on the true Buyer’s type θB . Note that while it is expected that access to performance information
allows the manager to learn about θB, the posterior θ̂B(I) ultimately depends on the realized
signals s̄I , which are stochastic. Hence, a manager that optimally raises a∗(I) may still find
an unresponsive buyer who do not act upon, which implies that an increase in the intensity of
managerial actions may not always lead to increases in purchase efficiency.

Let f(p) = −(p − pm)/pm be an exogenous measure of efficiency of a purchase at price
p ∈ (pm, µ), where (p−pm)/pm is the overprice of the paid price p 21. The smaller is the overprice
of the purchase at price p, the larger is f(p). Notice that f(p) depends on the minimum price pm:
a low minimum price pm implies a more conservative measure of efficiency. Then, the purchase
efficiency from Manager’s actions profile is given by:

π(I) = P (θB, a
∗(I))f(pm) + (1− P (θB, a

∗(I)))f(µ). (5)
20To avoid uninteresting cases, we assume that lima→0 ϕ

′(a) = +∞, lima→∞ ϕ′(a) = 0, lima→0 c
′(a) = 0, and

lima→+∞ c′(a) = +∞.
21Throughout Section 4, we use the definition f(p) = −(p− pm)/pm to illustrate the model’s predictions, since it is

based on the empirical measure we obtain in the data. Yet, the model’s results hold for any measure of purchase
efficiency that is a strictly decreasing function of the purchase price p, and that may itself depend on features of the
underlying price distribution G, such as its minimum, pm.

16



It follows that the effect of information in purchase efficiency is driven solely by Manager’s actions.
Purchase efficiency π(I) is constant in I if the Buyer’s type is low (θB < θ̄) and strictly increasing
in I if the Buyer’s type is high (θB > θ̄). More formally, the following testable predictions emerge:

Prediction E.1. Purchase efficiency π(I) is weakly increasing in I > 0.

Prediction E.2. If θB > θ̄, then purchase efficiency π(I) is strictly increasing in I > 0.

Prediction E.3. Intensity of Manager’s actions a∗(I) is weakly increasing in I > 0.

Prediction E.4. If θ̂B(I) > θ̄, then the intensity of Manager’s actions a∗(I) is strictly increasing

in I > 0 22.

Since the probability of persuading the Buyer to purchase at price pm depends positively on
a∗(I), then a natural implication from Prediction E.4 is that whenever θ̂B > θ̄ holds, information
I > 0 increases purchase efficiency π(I). However, the magnitude of the effect depends on the
true type θB, and the condition θ̂B(I) > θ̄ might not suffice since θ̂B is stochastic. Indeed, if the
buyer is highly unresponsive but θ̂B(I) > θ̄, the persuasion probability P (θB, a

∗(I)) might be
close to zero regardless of a∗(I). In consequence, the effect of I on efficiency would be negligible.
In contrast, when the Buyer is responsive, θB > θ̄ keeps P (θB, a

∗(I)) away from zero and hence
prediction E.2 is met.

4.3. Intrinsically motivated Buyers

Thus far, the Buyer is extrinsically motivated, as he only searches for low prices if the Manager
undertakes managerial actions. Suppose now that the Buyer has no extrinsic motivation but
intrinsically values low prices by ub(p) = −p. The Buyer follows an optimal stopping rule
characterized by a reservation price r, accepting the first sampled price below r 23. Importantly,
when the Buyer is only intrinsically motivated, Manager’s persuasion actions have no effect on the
Buyer’s search decision, implying information I acquired by the manager has zero effect on the
purchased price through Manager’s actions. Therefore, Predictions E.3 and E.4 do not hold in this
case.24

However, information still plays a role: rather than inducing search, it helps the Buyer to find
lower prices and adjust his reservation price accordingly. The Buyer has incomplete information
about the true price distribution G, but the Manager can share information I ≥ 0 that informs
the Buyer about the true price dispersion, expanding the range of prices the Buyer perceives as
accessible. In other words, knowing the availability of lower prices allows the Buyer to optimally

22Notice that the Manager’s utility depends on information only through her belief θ̂B . Thus, it is sufficient to assume
that θ̂B > θ̄ for Prediction E.4 to hold.

23See Appendix C for a full derivation of the search model
24A buyer may also be in the middle: he can be intrinsically motivated and still respond to extrinsic motivation. This

case offers mixing predictions that we cannot test through our experiment, although we analyze its theoretical
predictions in detail in Appendix Section C.
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decrease his reservation price. The expected purchase price p∗(I) is therefore a strictly decreasing
function of the information I , which in turn determines purchase efficiency π(I) = f(p∗(I)).
Hence, prediction E.1 also hold when the Buyer is intrinsically motivated. More formally, the
following predictions apply for intrinsically motivated buyers:

Prediction N.1. Purchase efficiency π(I) is strictly increasing in I > 0.

Prediction N.2. Intensity of Manager’s actions a∗(I) is constant in I > 0.

4.4. Extension I: Multiple buyers

Thus far, the model considered a unit with a Manager and a single Buyer. In our empirical
setting, however, most units have several buyers. Consider a unit with a set J of buyers, where
θjB denotes the type of Buyer j ∈ J . Each buyer makes purchases, and the Manager values the
average outcome across buyers. As in the single-buyer case, she observes information I on buyers’
purchase histories and forms beliefs θ̂jB(I) = α(I) θ̄ + (1− α(I)) θjB.

The model can be extended naturally to this setting. In the first approach, the Manager
interacts with each buyer separately. She forms a belief θ̂jB(I) about each Buyer j and chooses a
buyer-specific action by solving a∗j(I) ∈ argmax

{
um

(
a, θ̂jB(I)

) ∣∣∣ a ≥ a0

}
. Each problem is the

single-buyer problem evaluated at θ̂jB(I), so predictions apply buyer by buyer. This approach maps
the single-buyer model exactly. Note, however, that many managerial actions like setting efficiency
goals, keeping purchase records, establishing purchasing protocols, or creating purchasing manuals
cannot be tailored to a specific buyer and are necessarily implemented at the unit level. Others,
such as holding meetings or supervising purchases, could in principle be targeted, but doing so for
each buyer separately could be too costly.

Alternatively, the Manager chooses a single action a that applies to all buyers in the unit,
based on the average of her beliefs about each buyer. The Manager’s belief about the unit is
θ̂U(I) ≡ 1

|J |
∑

j∈J θ̂
j
B(I) = α(I) θ̄ + (1− α(I)) θU , and she solves

a∗U(I) ∈ argmax
{
um

(
a, θ̂U(I)

) ∣∣∣ a ≥ a0

}
. (6)

This is the single-buyer problem with θ̂B(I) replaced by the Manager’s belief about the average
responsiveness of her unit. Given a∗U(I), each buyer responds according to her own type. The
purchase efficiency for Buyer j is

πj(I) = θjB ϕ
(
a∗U(I)

)
f(pm) +

(
1− θjB ϕ

(
a∗U(I)

))
f(µ). (7)

This setting delivers three implications. First, managerial actions and its associated intensity
are chosen at the unit level: the Manager does not target buyers individually, and all buyers in a
unit are exposed to the same a∗U(I). Second, the Manager raises the intensity of her actions in I

if and only if the unit is, on average, responsive, i.e., when θU > θ̄; otherwise the protocol floor
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binds and a∗U(I) = a0. Third, this does not mean that the Manager directs her actions only to
responsive buyers. Actions apply to everyone in the unit, but each buyer’s response depends on
her own type. Within a responsive unit, therefore, the same managerial actions translate into larger
efficiency gains among responsive buyers.

The two extensions have different implications for where information improves efficiency.
With buyer specific actions, the effect of information on a buyer depends only on his own type
relative to the prior. In contrast, with unit-level actions, it depends jointly on his own type and on
the composition of his unit. A responsive buyer (θjB > θ̄) in a unit that is unresponsive on average
(θU < θ̄) purchases no more efficiently under information, because the Manager has no incentive
to raise the intensity of managerial action.

Our extension to multiple buyers abstracts from several features of how buyers within a unit
interact. First, buyers may affect each other’s effort through peer effects or social incentives.
Further, buyers may learn from one another about prices and suppliers, so that responsive buyers
gains might spills over to others. Since our data do not allow us to study within-unit dynamics, we
abstract from these channels and assume no interference between buyers within a unit.

4.5. Extension II: Price Dispersion and Performance Gap

The model developed so far takes the price environment the Buyer faces as given. Yet how much a
Buyer stands to gain from searching harder is not the same everywhere, and two features of the
environment govern it. The first is the dispersion of prices within a reference group, σ2, which
determines how much there is to find by searching at all. The second is the gap between the price
the Buyer obtains with minimal effort and the best price available, ∆p = µ−pm, which determines
how far he starts from the frontier. As documented in Section 3.2, both vary substantially across
the reference groups and buyers in our data, so it is natural to ask whether information yields larger
efficiency gains where prices are more dispersed, or among buyers with more room to improve.
We thus extend the model in these two directions and develop both formally in Appendix C.

To introduce price dispersion, we recast the Buyer’s problem as a sequential search (Weitzman,
1979): each search draws a price at cost κ from the distribution G(σ), the Buyer samples once
absent any managerial action, and the Manager’s actions persuade him to sample further. To
introduce the performance gap, we characterize efficiency as a function of ∆p, which measures
how much the Manager can gain by persuading the Buyer to search. Both extensions deliver the
same structure. A wider distribution, or a larger gap, raises the prize from successful persuasion,
v̄ − v, and with it the Manager’s incentive to raise the intensity of her actions. But it also lowers
the price benchmark pm against which efficiency is measured, which worsens the outcome realized
when persuasion fails, f(µ). Whether efficiency rises or falls with σ2 or ∆p therefore depends on
which of the two forces dominates. The same tension governs how these features interact with
information: dispersion and the performance gap make information more valuable by widening the
range of prices persuasion can reach, but diminishing marginal returns to managerial actions mean
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that a Manager already acting intensely gains little from acting more. The model consequently
does not sign either comparative static without further assumptions on the functional forms of the
persuasion function ϕ and the price distribution G. Appendix C states the conditions under which
each sign obtains, and we read the corresponding empirical results as evidence on which force
dominates in our setting rather than as tests of a sharp prediction.

5. Intervention and Experimental Design

We test the predictions of the model by combining purchase efficiency data with exogenous
variation in access to buyer performance information I . In this section, we describe the information
intervention and the experimental design used to test the predictions.

5.1. Buyer Performance Reports

In collaboration with ChileCompra and Chile’s Public Budget Office (DIPRES), we constructed
monthly overspending reports for each buyer for the period September 2020 to January 2021. The
report is signed by DIPRES and sent by email in the first week of each month, with overspending
information covering purchases made during the previous month. The emails carried login
credentials to a centralized platform where each buyer had an individual homepage from which
reports could be downloaded at any time. Reports were confidential to each buyer: individual
performance information was not shared with other buyers in the purchasing unit.

Appendix Figure B.4 shows an example of the reports. Each monthly report tells the buyer their
personal overspending rate and ranks it against those of peer buyers in the purchasing unit.25. It
also breaks down the share of buyers in the unit by overspending band, showing where each buyer
falls relative to their peers, and displays the buyer’s distribution of purchases across procurement
mechanisms (Framework Agreement, Direct Purchases, Auctions, etc.). The report also provides
the unit-level overspending rate, highlighting the unit’s position relative to other public services
within the state. Finally, the report provides recommendations encouraging buyers to prioritize
competitive procurement mechanisms and conduct thorough price searches to reduce overspending.
In order to avoid any misunderstanding among buyers, the backpage of the report provides a
detailed explanation of how overspending is calculated (Appendix Figure B.5).

Buyers were prepared for the reports in advance. In June 2020, three months before the
first report was issued, treated buyers received a link by email with a 10-minute training video
explaining how ChileCompra measures overspending and giving step-by-step examples of efficient
search on the Mercado Público platform.

25The ChileCompra data are confidential and not available to the public or other government institutions, meaning that
neither buyers nor the public services they work for can calculate overspending on their own
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5.2. Study Arms and Random Assignment

The Buyer Performance Reports generate variation in the performance information reaching
the buyer, call it IB. Remember that this is confidential and thus not shared with other buyers
in the purchasing unit. However, we also vary IM , i.e., whether the same information reaches
his manager, for which we specify two versions of the intervention: private and public. Both
interventions raise IB identically (every treated buyer receives the Buyer Performance Reports),
but differ in whether IM is active or not. In the private information intervention, IB is not shared
with the manager and the buyer knows that IB is private information. In the public intervention
IB is shared with the manager and the buyer knows IB is no private information, thus he is aware
that is exposed to individual accountability. Comparing the two interventions holds the intrinsic
channel fixed and switches on the extrinsic channel.

The study design employs a cluster randomization at the procurement unit level where each
unit and their buyers were randomly assigned into one of three following arms:26

1. Private Intervention. The buyer receives a 10-minute training video (link) and the Buyer
Performance Report (Appendix Figure B.4), which carries a non-disclosure message “Your
individual report has NOT been sent to the unit’s manager.” On the manager’s side, she
does not receive the individual Buyer Performance Reports but only a performance report
aggregated at the unit-level (Unit-level Performance Report, see Appendix Figure B.6),
which gives a general overview of the unit’s level of overspending but does not allow
managers to identify individual buyer performance.

2. Public Intervention. The buyer receives a 10-minute training video (link) and the Buyer
Performance Report (Appendix Figure B.4), but with a disclosure message “Your individual
report has been sent to your manager.” On the manager’s side, she receives the individual
Buyer Performance Reports (Appendix Figure B.4) as well as the Unit-level Performance
Report (Appendix Figure B.6), and a list ranking each buyer by overspending and contribution
to the unit total (Appendix Figure B.7), allowing her to identify individual buyer performance.

3. Control. Buyers and managers receive no information.

Table B.1 summarizes the the details of the specific activities in each of the intervention arms.
In addition, within procurement units assigned to the Private or Public intervention arms, 75% of
buyers were randomly assigned to the main study sample and the remaining 25% to a placebo
sample who receive a simple message indicating that their overspending is being monitored, but
do not provide the 10-minutes training video nor the Buyer Performance Reports. We use the
placebo sample to test whether the information reports raise efficiency by simply drawing attention
to overspending (Hawthorne effect), rather than through conveying information.
26We stratify by Ministry and by whether unit overspending was above or below the median in the previous fiscal year.

The distribution of experimental procurement units per ministry is detailed in Appendix Table B.2. Procurement
units whose yearly budget assigned by DIPRES is unaffected by their level of overspending are excluded from the
experiment, e.g., state autonomous institutions like the Central Bank, courts, or security agencies, to name a few.
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5.3. Timeline

The study period runs from February 2020 to January 2021 and covers 184 procurement units,
each with a single manager and multiple buyers. We divide the timeline into two periods: pre-
intervention from January 2020 to May 2020 and post-treatment period from July 2020 to January
2021. Between February and April 2020, a baseline survey is administered to managers and
buyers. During June 2020, we randomized the procurement units into the experimental groups.
Immediately after randomization we sent the training video link by email to buyers in the Public
and Private intervention groups. Then, three months later, starting in September 2020 through
January 2021, managers and buyers received the monthly overspending performance reports. After
sending the last report (January 2021), a follow up survey was collected from managers and buyers.

5.4. Analysis Sample

Table B.3 summarizes the experimental design and sample sizes. We restrict the analysis to 3,270
buyers who used the FA platform and specialized in Food, Office Supplies, or Computers, the
categories for which ChileCompra can calculate overspending from transaction data and thus
produce performance reports. These buyers collectively issued 192,528 transactions during the
study period. Our main analysis sample consists of the 2,076 experimental buyers who made
FA purchases during the post-treatment period, for whom we can measure the impact of the
interventions on overspending. Among these buyers, 89% clicked on the training video.

5.5. Data

The key variables of interest are purchase efficiency (π), buyer’s efficiency gap (∆p), product-level
price dispersion in the reference group (σ2), information (I), managerial persuasive actions (a),
and buyer’s persuasion probability, P (a, θB). We measure them through two sources of data:
ChileCompra administrative data and surveys of buyers and managers.

ChileCompra Administrative Data. ChileCompra maintains records of the universe of
purchase orders across all three channels (FA, Auctions, Direct Purchases). For each purchase
order, we know which purchase channel was used and the buyer’s ID. For purchases made through
the FA channel, the data contain detailed product-level information, including product ID, product
category, quantity ordered, unit price paid, buyer ID, procurement unit, delivery region, and
transaction date. Together with the catalog data used to construct reference groups, we measure
overprice opit (our measure of purchase efficiency π defined in equation 1), the number of units
purchased per product in a purchase order and the number of purchase orders made by the buyer.

These data are also used to calculate two sources of heterogeneity from pre-intervention
information. First, the buyer-level efficiency gap (∆p). We measure ∆p by ranking buyers
within their organization according to their average overprice at baseline and identify, for instance,
whether a buyer falls within a given quartile of the organization’s overprice distribution. Second,
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the data allows us to measure the product-level price dispersion in the reference group (σ2).
Following the reference-group statistics defined in Section 3.2, we measure price dispersion in
two ways. The Coefficient of Variation captures cross-sectional price dispersion between products
within a reference group, while the Price Ranking StdDev captures time variation in a product’s
relative price position within its reference group. Both measures relate to the buyer’s room for
improvement, but capture different sources of inefficiency.

Baseline Survey. We apply baseline surveys to both managers and buyers in each experimental
unit between February and April 2020. The manager survey covers beliefs about DIPRES
monitoring, perceived oversight of procurement, and attitudes toward purchasing efficiency. The
buyer survey covers analogous items, plus a stated preference module based on contingent behavior
elicitation methods in which buyers were asked whether they would prioritize price over quality
under different hypothetical audit scenarios, which is used as a proxy to measure θB.

Follow-up Survey. The follow-up surveys were conducted in February 2021. They repeated
the baseline modules and added targeted information outcomes to test whether access to the reports
changed managers and buyers’ knowledge of overspending. The buyer survey also added a module
in which they report the managerial actions they observed during the intervention period, which
we use to measure a∗; and a stated preference module analogous to the baseline one, which — now
that oversight intensity has responded to the intervention — measures the persuasion probability
P (θB, a) rather than θB alone.

5.6. Baseline Balance

Purchasing Behavior. The analysis sample consists of the 2,076 buyers in experimental procurement
units who issued FA purchase orders in Food, Office Supplies, or Computers (FOSC) during
the post-treatment period (July 2020 – January 2021), the buyers for whom the effect of the
interventions on overspending can be measured. Because the sample is defined on post-treatment
purchasing, internal validity requires two things: that entry into the sample does not differ
across experimental arms, and that among those who enter, pre-treatment purchasing behavior
is comparable. Appendix Table B.4 addresses both, reporting pre-treatment means and tests of
balance for these 2,076 buyers at different levels of aggregation. The extensive-margin rows of
Panel A speak to the first requirement. Among the 2,076 buyers, 59 percent of those in control
units had also purchased in FOSC through FA during the pre-treatment period (February to May
2020), and 92 percent had purchased through some channel. Neither share differs significantly
from its counterpart in the Public or Private arms. Entry into the analysis sample is therefore not
differential by treatment status.

Then, in the intensive-margin rows, we restrict the analysis to buyers who purchased in FOSC
through FA before treatment and examines their purchasing intensity. Control buyers issued 115
purchase orders on average, with an average overprice of 8.7 percent per unit purchased, and we
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generally do not reject the null hypothesis of no differences across experimental groups.27 In
Figure B.8 we further plot the pre-treatment distribution of average overprice across arms; whether
averaged at the buyer or the procurement-unit level, the distributions do not differ statistically as
we do not reject the Kolmogorov–Smirnov test.

Because the model predicts that treatment effects vary with the price dispersion buyers face, we
also verify that the purchasing environment itself is comparable across arms. The average between-
price coefficient of variation in the reference groups faced by control buyers is 10.7 percent,
statistically indistinguishable from the Public and Private arms, as is the average price ranking
standard deviation. A final check asks whether the analysis sample draws disproportionately from
any part of the within-unit performance distribution. Ranking each buyer by average pre-treatment
overprice within their procurement unit, control buyers sit at the 54th percentile on average, with
46 percent below the median and 21 percent in the bottom quartile; all three are balanced across
arms.

Finally, Panel C aggregates pre-treatment outcomes to the procurement unit, our unit of
randomization. Control units average 13.7 buyers purchasing in FOSC through FA. Units also
contain buyers who purchased outside FOSC or through other channels (29 and 37.8 per unit on
average, respectively), and these counts are likewise balanced. Among those who purchased in
FOSC through FA, they collectively issued 2,273 purchase orders. The average overprice per unit
purchased is 10.1 percent, and no difference across experimental groups is statistically significant.

Overall, individual comparisons are well balanced at every level of aggregation, and the
omnibus tests of joint orthogonality generally work well. At the procurement-unit level the
evidence is more limited, as the number of restrictions tested is large relative to the small sample of
experimental units, a configuration in which the asymptotic F-test is known to over-reject. Indeed,
the asymptotic joint test is rejected in two of the three cases at this level. Thus, to be on the safe
side we estimate standard errors using the wild cluster bootstrap procedure proposed by Cameron,
C., Gelbach, J., and Miller, D. (2008), which is better suited to this setting. Under this test, we
never reject the joint null.

Buyers. Appendix Table B.5, Panel A, tests whether survey participation itself is balanced,
i.e., who responded at baseline, and who responded at follow-up. Overall, 2,649 buyers across
the 184 experimental procurement units responded at least one of the two rounds of surveys, who
collectively represent 32% of the total population, i.e., a fairly representative sample of buyers in
these units. Of them, 84% responded the baseline survey, 45% responded the follow-up survey,
and 28% responded both, i.e., close to two-thirds of those who responded the follow up survey
responded the baseline survey as well. For each subgroups of respondents, differences in response
rates are small and generally well balanced across experimental arms, with joint orthogonality test
being never rejected. The latter suggests no selective attrition by treatment status.

27Panel B in the same table tests for statistical balance on overprice using purchase-level data. The per-unit overprice
across purchases made by buyers in the control, Public, and Private groups are well balanced, consistent with the
balance found for the same outcome when aggregated at the buyer or procurement-unit level.
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Panel B reports baseline stated preferences among buyers who responded at baseline, regardless
of whether they responded the follow up survey or not. Half of control group buyers say they
would prioritize price over quality if DIPRES audited 1 percent of their purchases, augmenting
to 55 percent at a 5 percent audit rate, and to 59 percent when the rate is set at 10 percent. The
increasing gradient reflects greater concern about scrutiny as monitoring becomes stronger. The
three items are mostly balanced across arms: we do not reject the null hypothesis of global balance,
and this is the case either using asymptotic or wild cluster bootstrapped standard errors. Panel C
repeats the exercise on the subsample who also responded at follow-up. The average responses are
qualitatively very similar to those shown in Panel B, and they also follow a positive gradient as the
audit rate increases, suggesting that those who self-selected to answer the follow up survey are not
different from those who decided not to answer it. Moreover, among the two-rounds respondents,
the statistical balance across experimental groups on the baseline stated preferences is, again, well
preserved.

Managers. Appendix Table B.6 repeats the exercise at the manager level, where each of the
184 procurement units contributes with one respondent. Panel A reports baseline and follow-up
response rates of 92 and 90 percent respectively in control units, and 82 percent answered both
surveys. For each subgroups of respondents, we find no statistically meaningful differences across
arms, suggesting attrition is not attributable to treatment assignment. Panel B reports baseline
beliefs among managers who responded at baseline, regardless of whether they responded the
follow up survey or not. Control group managers place DIPRES’s valuation of savings at 4.02 on
a 1–7 scale; they report that budget execution is a source of pressure (4.20 on a 1–5 scale) and
that next year’s budget depends on this year’s execution (3.32 on a 1–5 scale). These levels are
consistent with the organizational environment described in Section 2, in which efficiency is not a
salient managerial priority. We reject the null hypothesis of no differences across experimental
groups in just one out of 21 contrasts at the 5% of statistical level, which is what we would expect
to occur by chance. Second, the joint orthogonality test suggests global balance across groups.
Finally, Panel C restricts the analysis to the subsample of managers who responded to both waves.
Again, the levels of responses are quite similar compared to those from Panel B sample, suggesting
respondent and non-respondent of follow up survey are likely comparable. Moreover, baseline
beliefs among managers who responded to both waves are generally well balanced as well, and
this is reflected in that we generally do not reject the joint orthogonality tests at conventional levels
of statistical significance.
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6. Treatment Effects

6.1. Direct Effects of Performance Information on Efficiency

We estimate the effect of the performance information interventions on purchasing efficiency using
the following OLS regression specification:

opicjt = α + δ1T
Public
j + δ2T

Private
j + ϕc + ηt +X ′

jβ + εicjt (8)

where opicjt is overprice paid per-unit for transaction i of product type c in procurement unit j in
calendar week t. Only products from FA purchase orders in Food, Office Supplies, or Computers
(FOSC) are considered, as those are catalogs for which we can measure overprice. The T Public

j and
T Private
j are treatment indicators, which equal one if the buyer’s procurement unit was assigned to

either the Public or Private interventions, respectively, and zero otherwise. ϕc indicates product-
type fixed effects, ηt are calendar week fixed effects, and Xj include strata fixed effects as well as
the average overprice per unit purchased in unit j during the pre-intervention period. εicjt is the
error term. The standard errors are clustered at the procurement unit level (unit of randomization).

Table 2 presents the results. Column (1) shows that public reports reduce overprice by 1.6
percentage points. The magnitude is economically significant: a 15% reduction relative to the
control mean, translating into US$4.5 million over five months for the products under study.
Extending the annualized effect to all Chilean public procurement yields approximately US$0.15
billion in savings, or 0.1% of GDP. This result is consistent with model prediction E.1 in that
purchasing efficiency is increasing in performance information when buyers are extrinsically
motivated.

In contrast, the private reports have no effect on overprice, meaning performance information
alone is insufficient to change purchasing behavior among buyers. The null effect of private
reports rules out intrinsic motivation as the operative channel, rejecting model prediction N.1.
Performance information needs to be visible to managers so that buyers are accountable for
performance monitoring to improve efficiency.

6.2. Alternative explanations

Are lower prices achieved through purchasing lower quality items? Importantly, prior to listing on
Mercado Público, all products and suppliers must pass a competitive bidding process administered
by ChileCompra that guarantees minimum quality standards including delivery times across all
items available on the Framework Agreement platform. Moreover, suppliers who are found to
have violated the quality standards are removed from the platform.

Nonetheless, it is still possible that buyers respond to an intervention that promotes efficiency
through purchasing price reduction by buying products that were cheaper because of lower quality.
Reference groups combine products that are potential close substitutes based on their observable
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attributes. However, the reference groups are not made up of identical products offered by
different suppliers. Rather they include all products with the same attributes and attributes that
can be considers good substitutes. For example, felt tip blue pens might be in the same
reference group as ball point black pens. In principle, then, lower priced substitutes
could be products with different (lower quality) attributes.

We test this by restricting the reference groups to be composed only of identical products (same
SKU) offered by different suppliers, i.e., products for which we would expect quality differences
within the reference group to be negligible. As shown in column (2) of Table 2, the results are
robust, suggesting that unobserved quality differences do not play a role in the effectiveness of the
intervention.

Are lower prices achieved through bulk discounts? Buyers might achieve lower prices by
purchasing in larger quantities to exploit bulk discounts rather than by searching more carefully.
We study this possibility in column (1) of Appendix Table B.7 where we replicate regression
equation 8 but using the log number of units purchased per product. We find no significant effect
on the number of units per transaction for either arm.

Are efficiency gains from more effort per transaction offset by buyers processing fewer
purchase orders? Searching more carefully takes time, and buyers facing a fixed time budget
might respond by issuing fewer orders. Since overprice is measured per unit purchased, this
would leave our estimates intact while imposing a real cost elsewhere, e.g., delayed or unmet
purchasing needs that our outcome does not capture. Likewise, buyers might issue fewer orders in
the monitored categories, changing the composition of transactions on which overprice is measured
rather than the prices paid within them. Columns (2) and (3) of Appendix Table B.7 show no
effect on the number of purchase orders executed per buyer for either treatment arm, and this is the
case considering FOCs products only (i.e., product categories for which DIPRES can calculate
overprice) as well as for the full list of FOCs and Non-FOCs products offered in the FA platform.

Is there selection bias from choice of purchase channel? Buyers may have responded to
monitoring by shifting purchases away from the FA platform (where their behavior is tracked)
toward less transparent mechanisms such as procurement auctions or direct purchases, which
would introduce sample selection bias into our estimates. Column (4) of Appendix Table B.7 shows
no effect of either treatment on the share of purchase orders made through the FA channel, ruling
out this possibility. The absence of channel switching also speaks to the nature of the efficiency
gains: since active waste such as corruption is considerably less prevalent in FA purchases than in
auctions or direct purchases (Bandiera et al., 2009), the fact that buyers did not migrate toward
less regulated channels suggests that the intervention reduced passive waste without inadvertently
encouraging active waste.

Hawthorne Effects. Buyers may improve efficiency just because they know they are being
monitored, even if no evidence of purchasing behavior is shown to them. We find this is not
sufficient to trigger a change in purchasing behavior. First, both treatment arms received the same
10-minute training video two months before the performance reports began. However, restricting
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the analysis to the post-training pre-reports period yields no significant effect on overspending for
either arm (Appendix Table B.8), confirming that the efficiency gains are driven by the performance
reports rather than the training. Second, placebo buyers in treated units who received monthly
monitoring notifications but no performance information show no reduction in overspending
(Appendix Table B.9), ruling out Hawthorne effects as an explanation.

6.3. Does Buyer’s Responsiveness Matter?

In our model, performance information boosts efficiency only among extrinsically motivated buyers
who are responsive to manager oversight actions (prediction E.2).28 We test this prediction by
adding to the regression equation 8 a measure of buyer responsiveness at baseline and an interaction
of the treatment dummies with buyer responsiveness. We measure buyers’ responsiveness through
a contingent behavior elicitation method that infers buyer’s willingness to prioritize price over
quality under three hypothetical audit scenarios: if DIPRES were to audit 10%, 5%, or 1% of their
purchases. Specifically, buyers were asked at baseline: “If DIPRES audits X% of your purchases,

would you prioritize price over quality?”. Responses are coded as a binary dummy equal to 1
if the buyer answered yes, and zero otherwise. Because managerial oversight is at its baseline
intensity when these responses are elicited, they identify how responsive a buyer “would-be" to
oversight rather than the outcome of any particular oversight effort. We therefore use them as a
proxy for the buyer’s type θB (“1" responsive; “0" unresponsive).

Table 3 shows the results. Having separate measures of responsiveness based on different audit
rates allows to check for the robustness of the results to different audit margins. Column (1) reports
the results assuming an audit rate of 1%, column (2) for an audit rate of 5% and column (3) for
10%. Because buyer responsiveness is measured in the baseline survey, this specification can only
include buyers for whom that measure exists. The overprice regressions are therefore restricted to
purchases made by baseline survey respondents, which reduces the analysis sample by roughly
half.

The interactions of treatment and buyer’s responsiveness are negative and statically significant
for the public intervention in all three models. The size of the coefficient is more than double
the estimated treatment effect without the interactions. Moreover, the main effect for the public
intervention becomes small and not statistically significant, implying that most of the effect comes
from responsive buyers. This is consistent with prediction E.2 in that the purchase efficiency π(I)

is increasing in I > 0 for buyers where θB > θ̄ and zero for θB < θ̄. Finally, the interactions have
no impact in the private intervention consistent with buyers being extrinsically and not intrinsically
motivated.

28In the case of intrinsically motivated buyers efficiency is predicted to be strictly increasing in information regardless
buyer responsiveness (prediction N.1). In other words, intrinsic motivated buyers are responsive, so this prediction
applies by default.
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6.4. Buyer Performance Gap

A second dimension along which the effect of information should vary is how much room a buyer
has to improve. The intuition is simple. The reports tell a buyer what he paid relative to the
lowest price available for a comparable product. For a buyer already purchasing close to that
benchmark, the report conveys little he can act on: there is almost no gap to close, and whatever
remains may reflect legitimate constraints on his choices rather than insufficient search. For a
buyer paying well above the benchmark, the same report identifies a substantial and actionable
gap. We should therefore expect the returns to information to be decreasing in a buyer’s baseline
efficiency, with effects concentrated among those who were performing poorly before the reports
began and attenuating toward zero as buyers approach the frontier. 29

We measure a buyer’s baseline performance by his position in the distribution of average
overprice among buyers within his own procurement unit during the pre-intervention period
(February to May 2020). The within-unit definition is the natural one here, because it is precisely
the comparison the Public intervention made available: managers in that arm received a list ranking
each of their buyers by overspending and by contribution to the unit total. For robustness, we
use two cutoffs to identify efficient buyers (those with the smallest gaps), an indicator for the
bottom quartile of within-unit overprice and an indicator for the bottom half, and interact each
with the treatment dummies. Note that both indicators require a baseline overprice measure for
the buyer, which in turn requires that he issued purchase orders in the Food, Office Supplies, or
Computers catalogs during the pre-intervention period. The sample is therefore restricted to buyers
who purchased at baseline, which naturally reduces the sample of analysis.

Table 4 reports the results. Baseline performance is highly persistent: buyers in the bottom
quartile of within-unit overprice at baseline pay 2.7 percentage points less during the experimental
period than their colleagues, against a control mean of 10.1 percent, and the bottom half pays 1.6
percentage points less.

The treatment interaction follows the pattern the intuition implies, though with a sharper
threshold than a smooth attenuation would suggest. In column (1), the effect of Public reports
on buyers outside the bottom quartile is −0.014, while the interaction with the bottom-quartile
indicator is +0.014, so the combined effect for the most efficient quartile is statistically indistinguishable
from zero. Buyers already purchasing near the lowest available price did not respond to being told
what that price was; the entire effect of the Public intervention comes from buyers with a gap left
to close. Column (2), which splits at the median rather than the quartile, shows no differential
effect at all: the interaction with Public is +0.001, and the effects above and below the median are
−0.012 and −0.011 respectively. The two columns are not in conflict. Taken together they locate
the relevant threshold at the first quartile rather than at the median: the most efficient quarter of
buyers does not respond, while buyers anywhere from the first quartile upward respond by similar

29Appendix C extends the model to incorporate the potential price reduction ∆p = µ− pm explicitly. As with price
dispersion, the extension does not deliver a signed prediction: a wider gap raises the Manager’s incentive to persuade
the Buyer but simultaneously lowers the benchmark against which efficiency is measured.
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amounts.30

The Private arm tells a different story. The interaction with the bottom-quartile indicator is
positive and significant (+0.013) in column (1), so poor and good performance buyers do behave
differently from one another. But neither group reduced overspending: the effect of Private reports
is −0.005 among buyers outside the bottom quartile and +0.009 among those within it, and neither
is statistically distinguishable from zero. Overall, for buyers in the Private arm the report remained
inconsequential regardless of how much room they had to improve.

6.5. Price Variation and the Returns to Search

Section 3.2 argued that the gains from a buyer’s search effort depend on two distinct features of
the marketplace he faces. Cross-sectional dispersion determines how much is available to be saved
by switching to a cheaper alternative within a reference group. Variation in relative price rankings
over time determines how often that alternative changes, and therefore how frequently a buyer
must re-evaluate his options to keep paying the lowest price. The distinction matters because
it maps onto different search costs. For some products, prices differ across suppliers but their
ordering is essentially fixed, so a buyer can search once, identify the cheapest option, and stick
with it. In contrast, for other products dispersion is of similar magnitude but rankings churn, so
the same “stickiness” strategy leaves money on the table and efficiency requires a fresh search on
every purchase. The latter suggests a sharper way to ask where performance information should
matter most. If the reports improve efficiency by inducing buyers to search more, their effect
should be concentrated in reference groups where searching has to be repeated (where the cheapest
option moves) rather than simply where prices are widely spread.31

We test this by adding each measure of price variation to equation 8 together with its interaction
with the treatment dummies. As defined in Section 3.2, Price Ranking StdDev is the standard
deviation of a product’s daily price rank over time, averaged within its reference group, and it
captures how often the cheapest option changes. Between Price CV is the coefficient of variation
of average prices across products within a reference group, which captures how spread out prices
are at any given point. Both are constructed from pre-intervention data, so neither is affected by
the intervention.

Table 5 reports the results. Both measures are positively associated with overspending in the
control group: a one-unit increase in Price Ranking StdDev raises overprice by +0.030, and the
corresponding coefficient on Between Price CV is +0.002, both significant at the 1 percent level.
Absent any intervention, buyers facing more variable prices pay more relative to the best available
option, which is what the search-cost interpretation implies.

30A median split necessarily pools “efficient buyers" in the bottom quartile with “non-efficient buyers" in the second,
which mechanically attenuates the interaction toward zero.

31The model in Section 4 can be extended to incorporate price dispersion formally, by casting the Buyer’s problem as
a sequential search. Doing so does not deliver a signed prediction: greater dispersion raises the return to search
but also lowers the benchmark price pm against which efficiency is measured, and the two forces work in opposite
directions. Appendix C develops this extension and states the conditions under which each force dominates.
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The treatment interactions separate the two measures. The effect of Public reports is significantly
larger where price rankings are more volatile: the interaction is −0.007 in column (2) and −0.006
in column (4), both significant at 5 percent, against a main effect of roughly −0.016. Where the
cheapest supplier shifts from week to week, the reports move overspending substantially more than
they do on average. The interaction with cross-sectional dispersion, by contrast, is zero in both
columns. Information does not have a larger effect simply because prices are widely spread; it has
a larger effect where staying at the cheapest option requires continued attention. This is consistent
with the mechanism the descriptive evidence suggests, i.e., the reports work by sustaining search
effort over repeated purchases, not by revealing a static price gap a buyer could have found once
and exploited thereafter. Finally, there is no action at all with private reports, so search costs can
moderate the efficiency effects of performance information only where managers also received
individual performance information.

6.6. Mechanism: Information and Managerial Actions

In our model, performance information improves efficiency only through the Manager’s optimal
intensity of actions a∗(I, θ̂B). In Section 6.3 we showed that the efficiency gains from information
are concentrated among responsive buyers, which is a statement about what happens conditional

on the intensity of actions the Manager has already chosen. In contrast, this subsection tests the
step that the earlier results take as given: whether access to individual performance information
led managers to raise the intensity of their oversight in the first place. The logic of the test runs in
two sequential steps, and each must hold for the mechanism to operate. First, information has to
reach the Manager: she learns about the Buyer’s type θB from his purchase history and efficiency
performance, forming a posterior θ̂B(I). Second, the updated belief maps into managerial behavior:
if the information reveals the Buyer to be less responsive than the Manager’s prior (θ̂B < θ̄), her
optimal action profile does not change and a∗(I) = a0; if it reveals him to be more responsive
(θ̂B > θ̄), she optimally raises the intensity of her actions above the minimum.

6.6.1. Effects of Performance Information on Awareness of Overspending

We start with descriptive evidence on the usefulness of the reports. In the follow up survey,
managers in both treatment arms were asked how useful they found the reports and why.32 Overall
usefulness is high and similar across arms: 86 percent of managers in the Public group and 88
percent of managers in the Private group rated the reports as somewhat, quite, or extremely useful.
However, the stated reason differs sharply across groups. Among Public managers, 74 percent
report valuing the reports because these “help them monitor their buyers", whereas this is only 56
percent among Private managers. This 18 percentage points gap in favor of Public treatment group

32Control group managers were not asked these questions, since they received no reports. The only possible comparison
is therefore between the two treatment arms rather than a treatment effect relative to control.
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is expected by design since only Public managers received buyer-level information.33

Next, in Table 6 we examine the treatment effects on awareness of overspending. Both
treatment arms substantially increased manager awareness of their unit’s overspending. Relative
to the control group, column (1) shows effects of 60 and 66 percentage points for Public and
Private respectively, with no significant difference between the two arms, meaning the unit-level
performance reports effectively reached managers. Column (2) shows that Public group managers
were 24 percentage points more likely to perceive a high level of monitoring from DIPRES, while
Private managers show no significant change relative to the control group. This is notable given that
managers from both arms received reports signed by DIPRES. What differed was the granularity
of what those reports revealed about DIPRES’s own information. Public group managers received
unit’s and individual buyer reports and a ranking of buyers by overspending, which demonstrates
that DIPRES holds disaggregated data on their unit. The single aggregate figure received by private
group managers carries no such implication: it is consistent with scrutiny far more limited than the
public reports revealed, which left private group managers’ perceptions unchanged.

On the side of buyers, the reports also increased their awareness of overspending. Columns (3)
and (4) show that Private group buyers were 14 and 15 percentage points more likely to know their
own and their unit’s overspending, respectively. This rules out the hypothesis that private buyers
were already aware of how much they overspent, and in doing so rules out a pure information
channel: private group buyers learned something new about their own inefficiency and still did
not reduce overprice. Awareness alone is therefore not sufficient to change purchasing behavior,
which points to the absence of extrinsic incentives rather than the absence of information.

Public group buyers, however, became considerably more aware than their private group
counterparts, for effects of 23 and 27 percentage points on the same two outcomes, which is
roughly 60 and 80 percent larger than the Private effects. Since buyers from both public and private
arms received the same individual report, the across treatment gap cannot come from the report
itself. A natural candidate is managerial action in the public arm, which we examine directly in
the next section.

6.6.2. Effects of Performance Information on Managerial Actions

We measure managerial actions through the follow-up survey of buyers, who were asked to report
on ten potential oversight and communication activities undertaken by their manager during the
intervention period. Buyers rather than managers are the source of these outcomes to avoid social
desirability bias in manager self-reports.

Main Effects. Table 7 reports the treatment effects, with column (1) showing effects on
the Anderson (2008)’s summary index of all ten action outcomes.34 We find that the public
33The difference is large but not statistically significant, likely due to statistical power issues associated with low

sample size. Only 49 out of 62 Private and 42 out of 61 Public group managers answered this question. Adding
baseline covariates to the strata fixed effects raises the estimated gap to 27 percentage points, though it remains
statistically insignificant, for a p-value of 0.21.

34All outcomes are binary dummies. The Anderson index is an equally-weighted average of z-scores across the ten
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reports increased the summary index by +0.264 standard deviations, while private reports had
essentially no effect, with the difference between arms highly significant. The five individual
outcomes showing the most notable differences favoring the public arm are that the manager
sets efficiency goals, has high levels of communication with buyers, train buyers on reducing
overspending, promotes coordinated purchases, and implement performance based rewards. This
result is consistent with Prediction E.3: the positive average effect in the Public arm indicates
that the reports led managers to revise their beliefs upward sufficiently for oversight to rise on
average. Private managers, by contrast, received no information about how their individual buyers
performed, so their beliefs about buyer responsiveness had no basis on which to move and oversight
remained at a0.

Heterogeneous Effects. Our setting involves procurement units with multiple buyers, and
according to our model, managerial actions are expected to be not targeted, but unit-wide. Since
not all buyers purchase FOCs products (Food, Office Supplies, or Computers) — for which
ChileCompra could measure overspending — then not all buyers within units were exposed to the
individual performance reports, which provides a natural experiment to test whether managerial
actions were targeted to buyers with report or were implemented across all buyers within a unit.
We examine this in Table 8, where first column replicates the main effect and next columns show
estimates of heterogeneous effects on managerial actions across multiple subgroups of buyers and
units. As shown in regression (2) columns, managerial actions increased for buyers both with and
without reports in the Public group, and their intensity is statistically indistinguishable across the
two subgroups (+0.309 against +0.244, p-val=0.676). This is what the unit-level formulation of
the model implies: many of the actions we measure (e.g., setting efficiency goals, establishing
protocols, holding meetings, etc.) cannot be tailored to an individual buyer, so a manager who
raises oversight in response to the reports raises it for everyone in her unit, including buyers for
whom no individual report was produced.

Second, in a setting with multiple buyers, our model predicts that the intensity of managerial
actions depends on the average belief the Manager holds across all buyers within the unit. She
raises her actions above the protocol floor only when the reports reveal her unit to be, on average,
more responsive than her prior, so the relevant source of heterogeneity is the composition of the
unit rather than the type of any individual buyer. We construct the unit-level measure from the
same baseline contingent behavior module used in Section 6.3. A buyer is classified as responsive
if he answered that he would prioritize price over quality when only 1 percent of his purchases are
audited. For each procurement unit we then compute the share of its baseline survey respondents
classified as responsive, and define a unit as responsive if that share lies above the median share
across units, and unresponsive otherwise.35

outcomes in columns (2)–(11), expressed in control-group standard deviation units (Anderson, 2008).
35We use the lowest audit rate because it is the most informative about underlying responsiveness: prioritizing price

despite a negligible probability of being audited is unlikely to reflect compliance with audit risk and more likely to
reflect a genuine willingness to act on efficiency concerns. Also, note that the share is computed over buyers who
responded to the baseline survey rather than over all buyers in the unit, so it is an estimate of the unit’s composition
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Columns in regression (3) show that the Public effect on managerial actions doubles in units
with a higher share of responsive buyers, for an effect size of +0.353 standard deviations against
+0.183 in units where few buyers are responsive. This is the ordering implied by Prediction E.4,
applied to the unit average θ̂U(I) rather than to an individual buyer’s type, i.e., actions should rise
more where the reports reveal buyers to be, on average, more responsive than the Manager’s prior.
The two estimates are not statistically distinguishable, however (p-val=0.415), and the effect in
unresponsive units remains positive and marginally significant. The data are therefore consistent
with Prediction E.4 without allowing us to reject that managers respond equally across the two
types of unit.

The pattern sharpens once baseline efficiency is taken into account. Columns in regression
(4) split units by whether they are efficient or inefficient based on the average overprice of the
unit throughout the baseline period: “efficient" if below the median overprice across services,
and “inefficient" otherwise. We find managers of units that were already efficient did not raise
their oversight at all (+0.031), while managers of inefficient units raised it substantially (+0.360),
and here the difference is marginally significant (p-val=0.095). Interacting the two unit-level
splits (Responsive/Unresponsive with Efficient/Inefficient) in the last four columns locates the
response precisely: the effect is +0.808 standard deviations in units that were both responsive and
inefficient, which is three times larger compared to the effect in units that were unresponsive and
inefficient (+0.261). In contrast, the report effects is indistinguishable from zero in both groups of
already-efficient units. Therefore, managers raised oversight where there was something to correct,
and most strongly where there was both something to correct and buyers likely to respond.

7. Conclusion

Passive waste in public procurement, i.e., buyers paying more than necessary not out of corruption
but out of insufficient effort or misaligned incentives, is large, costly, and difficult to address
without changing the fundamental architecture of civil service rules. This paper shows that a
low-cost information intervention can achieve meaningful reductions in overspending without
modifying compensation structures, organizational hierarchies, or procurement regulations.

In collaboration with Chile’s Public Budget Office and Public Procurement Office, we randomized
monthly individual performance reports across 184 procurement units and more than 3,000
buyers. Public reports, which gave managers access to buyer-level overspending data and made
buyers aware that their manager could see their individual performance, reduced overspending by
approximately 15 percent of the control group mean. Private reports, which provided managers
only with aggregate unit-level performance and kept individual buyer data confidential, had no
effect. The contrast between arms points to extrinsic rather than intrinsic motivation as the
operative channel: buyers changed their behavior not because they internalized efficiency as a
goal, but because their managers could now identify and act on individual performance. A placebo

rather than the composition itself.

34



arm, whose buyers received monthly notifications that their overspending was being monitored but
no performance information, shows that monitoring salience alone does not change purchasing
behavior.

The mechanisms operate through monitoring actions implemented by managers. We show
that managers in the Public arm increased their oversight along several dimensions (e.g., setting
efficiency goals, communicating more with buyers, providing training on overspending, promoting
coordinated purchases, and implementing performance-based rewards, etc) while managers in
the Private arm did not, despite being equally informed about their unit’s aggregate overspending
and equally aware of scrutiny from the budget office. Two features of that response are notable.
First, oversight was not targeted: buyers who received no individual report experienced the same
increase in managerial actions as those who did, consistent with the fact that most of the instruments
available to a manager — goals, protocols, meetings — cannot be tailored to an individual. Second,
managers raised oversight where there was something to correct and someone likely to respond,
with the largest increases in units that were both inefficient at baseline and composed of responsive
buyers, and no increase at all in units already close to the frontier. The efficiency results mirror this
logic on the buyer side: effects are absent among the most efficient quartile of buyers, for whom
the reports identify no actionable gap, and largest in product categories where price rankings shift
frequently, requiring sustained search effort rather than a one-time investment. A simple model of
managerial learning and oversight rationalize these results.

Two pieces of evidence speak to whether these findings would hold beyond our setting. The
first is that they were anticipated. Before implementation we elicited pre-registered forecasts of the
treatment effects through the Social Science Prediction Platform (Dellavigna et al., 2019), from 61
respondents, roughly half with professional experience in public procurement, public budgeting,
or state capacity.36 The mean forecast for the Public arm was a reduction of 0.070 standard
deviations (95 percent CI: [−0.141, 0.001]), statistically indistinguishable from our estimate of
0.078, and forecasters correctly anticipated a null effect in the Private arm, with a mean prediction
of 0.002. Experts and non-experts predicted nearly identical magnitudes in both arms, suggesting
the mechanism is intuitive enough to be anticipated without specialized knowledge of the Chilean
system. The second is that the features of the intervention most often responsible for voltage
drops at scale are largely absent here (List, 2022). The marginal cost of extending the reports
to additional units is close to zero: the performance data are already embedded in the Mercado

Público platform, and report generation and delivery are automated. The intervention leaves
compensation, civil service rules, and procurement regulations untouched, avoiding the political
economy frictions that have limited more ambitious reforms, and it works through information
and accountability rather than financial incentives, which are harder to sustain and more likely
to crowd out intrinsic motivation when generalized (Bénabou and Tirole, 2003). Indeed, from
February 2021 the reports were extended across all 184 participating units, which is also why our

36See https://socialscienceprediction.org/s/x46yya. The survey remained open until December 2021, before any results
were publicly released.
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estimates cover at most five months.37 We estimate that applying the annualized treatment effect
to all transactions in the Chilean public procurement system would yield approximately US$0.15
billion in savings per year, equivalent to 0.1 percent of GDP, at essentially no additional cost.

37The scale-up means the control group ceased to exist after January 2021, so longer-run effects cannot be estimated
from this experiment.
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Figures and Tables

Table 1: Identification of Model Predictions

Object of Interest Buyer’s
Motivation

Public
Intervention
↑ IB , ↑ IM

Private
Intervention

↑ IB

Model
Prediction

Test
Results

Purchase Efficiency

1. ∂π/∂I Extrinsic ≥ 0 = 0 Prediction E.1 Table 2
2. ∂π/∂I Intrinsic > 0 > 0 Prediction N.1 Table 2

3. ∂π/∂I when θB > θ̄ Extrinsic > 0 = 0 Prediction E.2 Table 3
4. ∂π/∂I when θB > θ̄ Intrinsic > 0 > 0 Prediction N.1 Table 3

Managerial Actions

5. ∂a∗/∂I Extrinsic ≥ 0 = 0 Prediction E.3 Table 7
6. ∂a∗/∂I Intrinsic = 0 = 0 Prediction N.2 Table 7

7. ∂a∗/∂I when θ̂B(I) > θ̄ Extrinsic > 0 = 0 Prediction E.4 Table 8
8. ∂a∗/∂I when θ̂B(I) > θ̄ Intrinsic = 0 = 0 Prediction N.2 Table 8

Notes: First column presents the object of interest associated to model predictions. Second column presents
the resulting implication for buyer’s motivation (if extrinsic or intrinsic). Next two columns present multiple
combinations of the potential signs of the object under public and private interventions. Both the Public and
Private interventions raise IB identically (every treated buyer receives the Buyer Performance Reports), but
differ in whether IM is active or not. In the private information intervention, IB is not shared with the manager
and the buyer knows that IB is private information. In the public intervention IB is shared with the manager
and the buyer knows IB is no private information, thus he is aware that is exposed to individual accountability.
Column 5 presents the associated prediction that is met under each combination. Last column indicates the
corresponding Table providing the empirical test. Cases were Public and/or Private intervention effects are
negative are out of the model predictions and thus are not considered.
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Table 2: Treatment Effects on Purchase Efficiency

Overprice per-unit purchased

All FOCs products

Overprice per-unit purchased

Identical FOCs products

OLS
(1)

OLS
(2)

Public Performance Reports -0.016** -0.024***
(0.007) (0.008)

Private Performance Reports 0.000 -0.002
(0.005) (0.007)

Observations 93,769 25,246
No. Buyers 2,076 1,713

Control Mean 0.103 0.089
Baseline Outcome Yes Yes

Strata FEs Yes Yes
Product-type FEs Yes Yes

Week FEs Yes Yes
p-val. H0: Public=Private 0.014 0.023

Notes: Intention-to-treat effects of exposure to the Public and Private performance reports over
the full post-treatment period (July 2020 to January 2021). Regressions are at the product
level for products purchased in F.A., and each product counts as one transaction regardless of
the number of units purchased per product. Only purchases from the Food, Office Supplies,
and Computers (FOCs) Framework Agreement catalogs are considered, for which a reference
group can be identified. Following equation 1, overprice is defined per unit of product, and
is calculated as the difference between the per-unit price paid for the product and the lowest
per-unit price in that day’s price distribution among products in the same reference group,
scaled by the latter. Reference group in regression column (1) is a set of products that are
sufficiently similar in functionality and quality to be plausible close substitutes for the product,
following the mixed strategy detailed in Section 3.2. Regression column (2) restricts the
comparison to only identical products (same SKU) in the reference group. All models control
for strata fixed effects, as well as the average outcome in the procurement unit during the
pre-intervention period (Feb.-May 2020), and product-type and week fixed effects. A total
of 23 overprice observations are dropped due to multicollinearity with control variables and
fixed effects, and that explains why the number of observations reported in columns (1) is
lower than the original experimental sample presented in Table B.3. Standard errors clustered
at the procurement unit level are shown in parentheses. The bottom row reports the p-value
for the null of no difference between the Public and Private treatment effects. ∗∗∗p < 0.01,
∗∗p < 0.05, ∗p < 0.10.
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Table 3: Treatment Effects on Overprice by Buyers’ Responsiveness

Overprice per-unit purchased

OLS
(1)

OLS
(2)

OLS
(3)

Public Report 0.011 0.011 0.014
(0.008) (0.008) (0.009)

Private Report 0.004 0.002 0.003
(0.007) (0.008) (0.008)

Buyer Responsive at Baseline (1% Audit) 0.001
(0.007)

Public Report × Buyer Responsive at Baseline (1% Audit) -0.028***
(0.009)

Private Report × Buyer Responsive at Baseline (1% Audit) -0.003
(0.009)

Buyer Responsive at Baseline (5% Audit) 0.001
(0.007)

Public Report × Buyer Responsive at Baseline (5% Audit) -0.028***
(0.009)

Private Report × Buyer Responsive at Baseline (5% Audit) 0.001
(0.010)

Buyer Responsive at Baseline (10% Audit) 0.002
(0.007)

Public Report × Buyer Responsive at Baseline (10% Audit) -0.029***
(0.010)

Private Report × Buyer Responsive at Baseline (10% Audit) 0.000
(0.010)

Public + Public × Buyer Responsive at Baseline (X% Audit) −0.017* −0.017* −0.016*
(0.009) (0.009) (0.009)

Private + Private × Buyer Responsive at Baseline (X% Audit) 0.001 0.003 0.003
(0.007) (0.007) (0.007)

Observations 38,436 38,436 38,436
No. Buyers 831 831 831

Control Mean 0.099 0.099 0.099
Baseline Outcome Yes Yes Yes

Strata FEs Yes Yes Yes
Product-type FEs Yes Yes Yes

Week FEs Yes Yes Yes

Notes: Intention-to-treat effects of exposure to the Public and Private performance reports on Overprice
over the full post-treatment period (July 2020 to January 2021), by buyer’s responsiveness measured
in the buyers’ baseline survey. Buyers were asked: “If DIPRES audits X% of your purchases, would
you prioritize price over quality?”, with X set to 10%, 5%, and 1%. Responses are coded as a binary
dummy equal to 1 if the buyer answered yes, and zero otherwise. Because managerial oversight is at its
baseline intensity when these responses are elicited, they identify how responsive a buyer “would-be" to
potential oversight. Buyers who answer yes are classified as responsive. Regressions are at the product
level for products purchased in F.A., and each product counts as one transaction regardless of the number
of units purchased per product. Following equation 1, overprice is defined per unit of product, as the
difference between the per-unit price paid for the product and the lowest per-unit price in that day’s price
distribution among products in the same reference group, scaled by the latter. A reference group is a set
of products that are sufficiently similar in functionality and quality to be plausible close substitutes for
the product, following the mixed strategy detailed in Section 3.2. Overprice is calculated for purchases
from the Food, Office Supplies, and Computers Framework Agreement catalogs, for which a reference
group can be identified. All models control for the average outcome in the procurement unit during
the pre-intervention period (Feb.-May 2020), strata FE, product-type FE, and week FE. Only purchases
made by buyers that answered the stated preferences module in the baseline survey are considered. In all,
standard errors clustered at the procurement unit level are shown in parentheses. The bottom rows report
sum of coefficients for the corresponding subgroup. ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.10
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Table 4: Treatment Effects on Overprice by Buyer’s Overspending at Baseline

Overprice per-unit
purchased

OLS
(1)

OLS
(2)

Public Report -0.014** -0.012*
(0.006) (0.007)

Private Report -0.005 -0.003
(0.006) (0.006)

Buyer in Bottom 25% of Overprice within Unit -0.027***
(0.003)

Public Report × Buyer in Bottom 25% of Overprice within Unit 0.014*
(0.008)

Private Report × Buyer in Bottom 25% of Overprice within Unit 0.013**
(0.006)

Buyer in Bottom 50% of Overprice within Unit -0.016***
(0.003)

Public Report × Buyer in Bottom 50% of Overprice within Unit 0.001
(0.008)

Private Report × Buyer in Bottom 50% of Overprice within Unit -0.001
(0.006)

Public Report + Public Report × Buyer in Bottom X% of Overprice within Unit -0.001 -0.011
(0.010) (0.008)

Private Report + Private Report × Buyer in Bottom X% of Overprice within Unit 0.009 -0.003
(0.007) (0.007)

Observations 72,850 72,850
No. Buyers 1,279 1,279

Control Mean 0.101 0.101
Baseline Outcome Yes Yes

Strata FEs Yes Yes
Product-type FEs Yes Yes

Week FEs Yes Yes

Notes: Intention-to-treat effects of exposure to the Public and Private performance reports on overprice over the
full post-treatment period (July 2020 to January 2021), by buyer’s level of overspending in the pre-intervention
period (February to May 2020). This is defined based on a dummy equal to 1 if the buyer’s overspending
is in the bottom X% of the distribution of overspending across buyers within the procurement unit, and zero
otherwise. All regressions are at the product level for products purchased in F.A., and each product counts as
one transaction regardless of the number of units purchased per product. Following equation 1, overprice is
defined per unit of product, as the difference between the per-unit price paid for the product and the lowest
per-unit price in that day’s price distribution among products in the same reference group, scaled by the latter.
A reference group is a set of products that are sufficiently similar in functionality and quality to be plausible
close substitutes for the product, following the mixed strategy detailed in Section 3.2. Overprice is calculated
for purchases from the Food, Office Supplies, and Computers Framework Agreement catalogs, for which a
reference group can be identified. All models control for the average outcome in the procurement unit during the
pre-intervention period, strata FE, product-type FE, and week FE. Only purchases made by buyers that issued
purchases during the pre-intervention period are considered. Standard errors clustered at the procurement unit
level in parentheses. The bottom rows report sum of coefficients for the corresponding subgroup. ∗∗∗p < 0.01,
∗∗p < 0.05, ∗p < 0.10
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Table 5: Treatment Effects on Overprice by Price Variation

Overprice per-unit purchased

OLS
(1)

OLS
(2)

OLS
(3)

OLS
(4)

Public Report -0.017*** -0.015*** -0.017** -0.016***
(0.006) (0.005) (0.007) (0.006)

Private Report 0.000 -0.002 0.001 -0.001
(0.005) (0.005) (0.006) (0.005)

Price Ranking StdDev 0.030*** 0.025***
(0.003) (0.003)

Public Report × Price Ranking StdDev -0.007** -0.006**
(0.003) (0.003)

Private Report × Price Ranking StdDev -0.002 -0.001
(0.003) (0.003)

Between Price CV 0.002*** 0.002***
(0.000) (0.000)

Public Report × Between Price CV 0.000 0.000
(0.000) (0.000)

Private Report × Between Price CV 0.000 0.000
(0.000) (0.000)

Observations 90,998 90,998 90,998 91,006
No. Buyers 2,065 2,065 2,065 2,065

Control Mean 0.103 0.103 0.103 0.103
Baseline Outcome Yes Yes Yes Yes

Strata FEs Yes Yes Yes Yes
Product-type FEs Yes Yes Yes Yes

Week FEs Yes Yes Yes Yes

Notes: Heterogeneous treatment effects of exposure to the Public and Private performance
reports on overprice across proxies of search costs faced by buyers. Period of analysis is the
full post-treatment period (July 2020 to January 2021). Buyers purchase by issuing purchase
orders, each of which may contain multiple line items. Each line item is a distinct product,
of which the buyer may purchase several units; each line item counts as one transaction
regardless of units. The outcome is overprice. Following equation 1, overprice is defined
per unit of product, as the difference between the per-unit price paid for the product and the
lowest per-unit price in that day’s price distribution among products in the same reference
group, scaled by the latter. A reference group is a set of products that are sufficiently similar in
functionality and quality to be plausible close substitutes for the product, following the mixed
strategy detailed in Section 3.2. All regressions compare against all products in the reference
group, and are limited to purchases from the Food, Office Supplies, and Computers Framework
Agreement catalogs, for which a reference group can be identified. All models control for the
average outcome in the procurement unit during the pre-intervention period (February to May
2020), as well as for Strata FEs, product-type FEs, and week FEs. Rank Standard Deviation
captures time variation in price rankings in the baseline period (February to May 2020). Define
Pt = {pit}i∈R as the set of prices in reference group R on date t, and wit = rankPt

(pit)
as the position of the price of the product in this ranking. The standard deviation of this
ranking for each product, SDRanki = StDev({wit}t), captures how frequently that product
changes its relative price position over time. The average of these standard deviations across all
products i ∈ R constitutes the Price Ranking StdDev for the reference group. Between Price
CV captures the cross-sectional price dispersion between suppliers. Define the average price
of each supplier-product, indexed i, during the baseline period T as p̄i =

1
T

∑
t pit. Then,

for each reference group R, products are aggregated to calculate the Between Price CV as
CVR = σR/p̄R, where pR and σR are the mean and standard deviation of the average prices
p̄i between all products i ∈ R in the reference group. Transactions for which Rank Standard
Deviation or Between Price CV can not be computed are excluded. Standard errors clustered
at the procurement unit level in parentheses. ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.10.44



Table 6: Treatment Effects on Awareness of Overspending

Reported by Manager Reported by Buyer

Informed
about Unit’s

Overspending
(=1)

DIPRES
Monitor Unit’s
Overspending

(=1)

Informed
about Own

Overspending
(=1)

Informed
about Unit’s

Overspending
(=1)

OLS
(1)

OLS
(2)

OLS
(3)

OLS
(4)

Public Report 0.605*** 0.242** 0.233*** 0.274***
(0.084) (0.091) (0.043) (0.053)

Private Report 0.665*** 0.063 0.142*** 0.150***
(0.086) (0.098) (0.050) (0.049)

Observations 140 140 1,098 1,100
Control Mean 0.347 0.735 0.282 0.160

Baseline Outcome Yes Yes Yes Yes
Strata FEs Yes Yes Yes Yes

p-val. Public=Private 0.430 0.065 0.053 0.015

Notes: Intention-to-treat effects of exposure to the Public and Private performance reports on
information outcomes measured in the follow-up survey (February 2021). Regression columns
(1)–(2) are at the manager level with robust standard errors in parenthesis. Columns (3)–(4)
are at the buyer level with standard errors clustered at the unit level. Differences in number of
observations in buyer-level regressions are due to not all buyers responded the two questions.
All models control for the individual baseline value of the outcome as well as strata fixed
effects. The bottom row reports the p-value for the null hypothesis of no difference between
Public and Private treatment effects. ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.10.
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Table 7: Treatment Effects on Managerial Actions

Manager
Actions
Index
(SD)

Manager
Sets

Efficiency
Goals
(=1)

Manager
Has High-level
of Communic.
with Buyers

(=1)

Manager
Sets

Regular
Meetings

(=1)

Manager
Monitor and

Supervise
Purchases

(=1)

Manager
Keep

Overspending
Records

(=1)

Manager
Train Buyers
on Reducing

Overspending
(=1)

Manager
Encourage
Buyers to
Purchase

Efficiently
(=1)

Manager
Set

Purchasing
Manuals

(=1)

Manager
Promote

Coordinated
Purchases

(=1)

Manager
Implement
Perf.-based

Rewards
(=1)

OLS
(1)

OLS
(2)

OLS
(3)

OLS
(4)

OLS
(5)

OLS
(6)

OLS
(7)

OLS
(8)

OLS
(9)

OLS
(10)

OLS
(11)

Public Report 0.264*** 0.076* 0.103** 0.024 −0.020 0.009 0.043** 0.069 0.005 0.074* 0.015***
(0.085) (0.040) (0.042) (0.034) (0.045) (0.035) (0.018) (0.042) (0.043) (0.042) (0.006)

Private Report −0.058 −0.030 −0.043 −0.066* 0.016 0.020 0.010 0.058 −0.006 −0.085* 0.006
(0.093) (0.036) (0.049) (0.035) (0.041) (0.033) (0.017) (0.039) (0.045) (0.048) (0.006)

Observations 1,040 1,040 1,040 1,040 1,040 1,040 1,040 1,040 1,040 1,040 1,040
No. Services 153 153 153 153 153 153 153 153 153 153 153

Control Mean 0.000 0.302 0.690 0.304 0.304 0.062 0.027 0.228 0.212 0.226 0.005
Strata FEs Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

p-val. Public=Private 0.006 0.007 0.001 0.005 0.489 0.800 0.158 0.788 0.803 0.001 0.263

Notes: Intention-to-treat effects of exposure to the Public and Private performance reports on manager oversight and communication activities, measured in the buyers’ follow-up survey
(N=1,040). Buyers’ reports rather than managers’ are the source of these outcomes to avoid social desirability bias in manager self-reports. The sample is restricted to buyers working in
services with FA purchase data (=153). All regressions are at the buyer level, controlling for strata fixed effects. The dependent variable in column (1) is the Anderson index of the binary
outcomes in columns (2)–(11), expressed in control-group standard deviation units (Anderson, 2008). Standard errors clustered at the unit level are shown in parenthesis. The bottom row
reports the p-value for the null hypothesis of no difference between Public and Private treatment effects. ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.10.
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Table 8: Heterogeneous Treatment Effects on Managerial Actions

Dependent Variable: Manager Actions Index (SD)

Buyer-level Heterogeneity Unit-level Heterogeneity

Main
Regression

(1)

Regression by whether
Buyer received Report

(2)

Regression by whether
Unit has Responsive Buyers

(3)

Regression by whether
Unit is Efficient

(4)

Regression by whether
Unit has Responsive Buyers × Unit is Efficient

(5)

Effects by Subgroup Main
Effects

Effect
among
Buyers

With Report

Effect
among
Buyers

Without Report

Effect
among

Buyers in
Responsive

Units

Effect
among

Buyers in
Unresponsive

Units

Effect
among

Buyers in
Efficient

Units

Effect
among

Buyers in
Inefficient

Units

Effect
among

Buyers in
Responsive
& Efficient

Units

Effect
among

Buyers in
Unresponsive

& Efficient
Units

Effect
among

Buyers in
Responsive

& Inefficient
Units

Effect
among

Buyers in
Unresponsive
& Inefficient

Units

Public Report 0.267*** 0.309** 0.244** 0.353** 0.183* 0.031 0.360*** -0.035 -0.014 0.808*** 0.261**
(0.089) (0.146) (0.097) (0.176) (0.099) (0.144) (0.123) (0.277) (0.241) (0.252) (0.103)

Private Report -0.079 -0.095 -0.079 -0.065 -0.064 -0.241 -0.066 -0.468* -0.149 0.129 -0.074
(0.091) (0.113) (0.101) (0.141) (0.127) (0.159) (0.104) (0.279) (0.211) (0.177) (0.145)

H0: No Diff. Public 0.676 0.415 0.095 0.962 0.054

Observations 1,040 1,040 1,020 1,020 1,020
Control Mean 0.000 0.000 -0.006 -0.006 -0.006

Strata FEs Yes Yes Yes Yes Yes
Baseline controls Yes Yes Yes Yes Yes

Notes: Each column is a coefficient indicating the estimated effect of being exposed to the Public and Private performance reports on managerial actions for a specific subgroup of buyers,
across 5 regressions. In all, the dependent variable is the Anderson index of the binary outcomes of managerial actions measured in the buyers’ follow-up survey, expressed in control-group
standard deviation units (Anderson, 2008). All regressions include strata fixed effects and control for baseline covariates at the buyer level, including baseline beliefs, perceived DIPRES
monitoring, and the baseline audit stated preferences, each mean-imputed with an imputation dummy when the covariate is missing at baseline. Standard errors clustered at the unit level
are shown in parentheses. Regression column 1 shows the main effects. Next two columns under the heading regression (2) show the heterogeneous treatment effects from regressing the
outcome against the treatment dummies, a dummy of whether the buyer received an individual performance report (equals to 1 if the buyer made purchases in Food, Computers, or Office
Supply categories during the post-treatment period, such that individual performance reports were produced for him, and zero otherwise), and interactions with each treatment dummy, i.e.,
Ybj = β0 + β1T

Pub
j + β2T

Priv
j + β3Reportbj + β4Reportbj × TPub

j + β5Reportbj × TPriv
j + ϕj +X ′

bjβ + εbj . Then, for buyers with report, the coefficient of Public is β1 + β4, while the
coefficient of Private is β2 + β5. Likewise, for buyers without report, the coefficient of Public is β1, while the coefficient of Private is β2. H0: No Diff. Public indicates the p-value associated to
the null hypothesis of no differences in the effects across public group buyers with and without reports (β4). Following the same logic, next two columns under the heading regression (3) show
the heterogeneous treatment effects from regressing the outcome against the treatment dummies, a dummy of whether a procurement unit is classified as high responsive to managerial actions
(equals 1 if the share of “responsive" buyers at the 1% margin of the audit baseline question is above the median share across units, and zero otherwise), and interactions with each treatment
dummy. The next two columns under the heading regression (4) show the heterogeneous treatment effects from regressing the outcome against the treatment dummies, a dummy of whether a
procurement unit is classified as efficient (equals 1 if the average overprice of the unit throughout the baseline period is below the median overprice across services, and zero otherwise), and
interactions with each treatment dummy. The next four columns under the heading regression (5) show the heterogeneous treatment effects from regressing the outcome of interest against the
treatment dummies, a dummy of whether a procurement unit is classified as high responsive to managerial actions, a dummy of whether a procurement unit is classified as efficient, and the
corresponding single and double interactions with each treatment dummy. Regressions in columns 4-11 lose 20 observations since 20 observations (buyers) across twelve units work in units
with no baseline overprice measure. * p < 0.10, ** p < 0.05, *** p < 0.01.
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A. Appendix: Building Reference Groups

Figure A.I: Example of grated cheese products displayed in the online catalogue.

Figure A.II: Example of supplier-level price comparison for a selected product and delivery region.
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Table A.I: Examples of product types and their attributes.

Product Type Category Categorical Attributes Numerical Attributes

Desktop Computers FA Brand, Processor, Operating System,
Hard Drive type

RAM, Hard Drive Capacity,
Screen size

Pencil Office Supplies FA Brand, Size, Color Units per package, Weight

Batteries Office Supplies FA Type, Size, Rechargeable Units per pkg, Voltage

Instant Coffee Food FA Brand, Decaf, Format, Units per pkg Weight

Grated Cheese Food FA Type, Brand, Flavor Weight, Units

Notes: The table shows examples of products across the three FA categories under consideration: Computers, Office
Supplies, and Food. Categorical attributes sort a product into one of a finite set of labels (e.g., brand, color, material),
most of which carry no natural ordering. Numerical attributes express a characteristic as a quantity on a common
scale (e.g., storage capacity, screen size, package weight) so that any two products can be ranked along it.

Table A.II: Example of attribute extraction from free-text product descriptions in the Food Framework
Agreement for Grated Cheese product type

Prod.Id text description prod.type brand flavor weight units avg. price

1456879 QUESO RALLADO COLUN
PARMESANO BOLSA 40 G UNIDAD

queso rallado colun parmesano 40gr 1 497.75

1456909 QUESO RALLADO COLUN
REGGIANITO BOLSA 40 G UNIDAD

queso rallado colun reggianito 40gr 1 475.91

Notes: The table shows the raw description and the corresponding tagged attributes (brand, flavor, weight and number
of units). The last column shows the average transaction price for each product during the baseline period.
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Table A.III: Examples of Products Description and Identified Attribute Values

FA: Computers (Desktop)
Id Product description Type Procesor Brand HD Cap RAM OS HD Type Screen

1537456 COMPUTADOR SP LABS INTEL CORE I5-
7500, MSI B250M PRO-VH LGA 1151, DDR4-
2400 M.2, HDMI, VGA, USB 3.1 MICRO-ATX,
MEMORIA RAM 8GB DDR4 , HDD 1 TB ,
FREE DOS, GRABADOR DE DVD DESKTOP

Desktop INTEL CORE I5 SP LABS 1TB 8GB FREEDOS HDD None

1615084 LENOVO DESKTOP M720Q , PORCESADOR
INTEL CORE I7-8700T,8GB DDR4 2666MHZ
SODIMM, 256GB SOLID STATE DRIVE,
WIFI INTEL 3165+BT 1X1AC, WINDOWS
10 PRO, MONITOR LENOVO S22E 21.5""
1920X1080

Desktop INTEL CORE I7 LENOVO 256GB 8GB WINDOWS 10 PRO SSD 21.5

FA: Office Supplies (Print Paper)
Id Product description Type Size Brand Pages/Unit Weight Color Units/Pkg

1533457 PAPEL MULTIPROPÓSITO CHAMEX ECO
CARTA 75GR UNIDAD ECO CARTA 75GR
UNIDAD MEDIDA 216X279MM, RESMA 500
HOJAS

Print Paper Letter CHAMEX 500 75 BLANCO 1

1006598 PAPEL MULTIPROPÓSITO XEROX OFICIO
75GR ALBURA 90-95% RESMA 500 HJS.

Print Paper OFICIO XEROX 500 75 BLANCO 1

1006553 PAPEL MULTIPROPÓSITO DIAZOL A4
SPECTRA 500HJ AMARILLO

Print Paper A4 DIAZOL 500 NA AMARILLO 1

FA: Food (Chicken)
Id Product Type Brand Maritated Weight

552243 frozen chicken boneless breast not marinated
caja 15 k

frozen chicken not marinated 15000.0 gr.

552447 frozen chicken boneless breast las camelias not
marinated caja 15 k

frozen chicken las camelias not marinated 15000.0 gr.

1471381 frozen chicken boneless breast not marinated
bolsa 1k

frozen chicken not marinated 1000.0 gr.

1505907 frozen chicken boneless breast seara not
marinated bolsa 2k

frozen chicken seara not marinated 2000.0 gr.

FA: Food (Tomato)
Id Product Type Model Weight

1473761 fresh tomato cherry 1 kg. aprox. fresh vegetables cherry 1000.0 gr.
1473779 fresh tomato pomarola small size 1 kg. aprox. fresh vegetables pomarola small size 1000.0 gr.
1473794 fresh tomato pomarola medium size 1 kg. aprox. fresh vegetables pomarola medium size 1000.0 gr.
1473808 fresh tomato pomarola large size 1 kg. aprox. fresh vegetables pomarola large size 1000.0 gr.
1473819 fresh tomato pomarola extra large size 1 kg.

aprox.
fresh vegetables pomarola extra large size 1000.0 gr.

1473833 fresh tomato larga vida small size 1 kg. aprox. fresh vegetables pomarola small size 1000.0 gr.
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Figure A.III: Posted price dynamics within attribute-based reference groups (baseline period).

Notes: Each graph corresponds to one such group: a cookie snack sold in Region V (bottom) and the grated
cheese example sold in Region V (top). Within each graph, lines plot the daily posted unit price for each
product available in the group (offered by one supplier) during the baseline period (Jan. 2020–May 2020).
Products that are identical (same Product ID) are displayed in the same color. If during some periods the
product is not available, the series is connected with a dashed line. The subtitle in each graph displays:
(i) the number of distinct products in the reference group, (ii) CV Price across products, defined as the
coefficient of variation of posted prices across suppliers within the reference group (standard deviation
divided by mean), and (iii) Price Ranking StdDev, defined as the standard deviation of each supplier’s daily
price rank within the group, taking the average of this metric across all suppliers in the group.
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Table A.IV: Reference group properties under alternative definitions

Num. Suppliers CV Price Price Rank. StdDev Overprice

Reference Group Mean p10 p90 Mean p10 p90 Mean p10 p90 Mean p10 p90

Same Product Type 393.2 2.0 763.6 0.64 0.03 1.44 8.22 0.00 18.23 11.05 0.09 21.55
Identical Product 8.2 1.0 17.0 0.08 0.03 0.13 0.59 0.00 1.33 0.08 0.00 0.21
Same Attributes 12.2 1.0 24.0 0.11 0.03 0.23 0.71 0.00 1.52 0.21 0.00 0.33
Mixed (Same Attrib./Identical) 11.7 1.0 23.0 0.11 0.03 0.20 0.70 0.00 1.49 0.11 0.00 0.27

Notes: Sample of analysis are Framework Agreement product transactions from Computers, Office Supplies, and Food categories
issues between January 2020 and May 2020. “Num. Suppliers” is the number of distinct suppliers offering a product in a reference
group. “CV Price” summarizes cross-sectional dispersion in posted prices across products within group-day (aggregated over
baseline days). “Price Rank. StdDev” summarizes within-product variability of the product’s daily price rank within its reference
group (aggregated within group). “Overprice” is calculated using the corresponding reference group definition for each transaction.
For the statistics of Num. Suppliers, CV Price and SD Price Rank, the unit of observation is the reference group. For statistics of
Overprice, the unit of observation is the product. Following equation 1, overprice is defined per unit of product, as the difference
between the per-unit price paid for the product and the lowest per-unit price in that day’s price distribution among products in the
same reference group, scaled by the latter.

53



B. Appendix Tables and Figures

Figure B.1: Managers’ Beliefs About Budget Incentives and DIPRES Oversight

Notes: Panel A shows the share of managers agreeing or strongly agreeing (scores 4–5 on a 1–5 scale) with each
statement, sorted in descending order. In Panel B, we report shares in the question from the baseline, "In your opinion,
which of the following entities supervise public purchases?" (multiple choice), the bars report the share of managers
listing the heads of purchasing (option 4), their direct supervisors in the service (option 2), and DIPRES (Dirección de
Presupuestos, option 5). The remaining options (sub-secretariats, requesting area, other, none) are omitted. The two
remaining bars report the share of managers who perceive low DIPRES monitoring and low DIPRES relevance of
savings (1–7 items coded as ≤ 3).

Figure B.2: Managerial Oversight of Buyer Purchasing Behavior

Notes: Both panels use the endline survey restricted to the control group (units that received no intervention). Each bar
shows the share of buyers reporting that their manager engaged in the corresponding action. Panel A shows generic
oversight behaviors. Panel B shows targeted, information-intensive actions that require knowledge of individual buyer
performance.
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Table B.1: Summary of Interventions

Procurement Units
assigned to

Public Intervention Group

Procurement Units
assigned to

Private Intervention Group

Procurement Units
assigned to

Control Group

Buyers receive: • 10-minutes Training Video • 10-minutes Training Video Nothing
• Buyer Performance Report • Buyer Performance Report
• Non-disclosure message • Disclosure message

Manager receives: • Unit-level Performance Report • Unit-level Performance Report Nothing
• Buyer Performance Reports
• Buyers’ ranking list

Placebo Buyers receive: • Monitoring message • Monitoring message

Figure B.3: Experiment Timeline

01/2/20 30/4/20

Baseline survey

Pre-treatment period (01/2/20 - 31/05/20)

Randomization

01/6/20

01/7/20

Training
Video

07/9/20 07/1/21

5 Monthly Reports

31/1/21 28/2/21

Follow-up
survey

Post-treatment period (01/7/20 - 31/1/21)
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Figure B.4: Buyer-level Report
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Share of Purchases Orders by Procurement mechanism

This chart displays the Overspending associated to each 
Public Service of the State, arranged in ascending order 
from the lowest to the highest Overspending (see 
definition in Appendix B). The relative position of your 

Public Service is indicated in yellow1.

The average Overspending in your Public Service is equal 
to 1.5%, which positions it among the 50 Services with 
the lowest Overspending out of a total of 184 Services 
(excluding Autonomous Services and Subsecretariats). As 
an illustrative example, considering purchases made 
exclusively through Framework Agreement the 
Overspending in your Public Service amounts to 
approximately $200 million pesos during this period.

This chart displays the share of buyers in your Public 
Service according to their level of Overspending (%). For 
instance, 18% of the buyers within the Public Service have 
a level of Overspending  below 1%.

The yellow bar    indicates    the   range   where   you 
are positioned relative to the rest of buyers in your 
Service. Your average Overspending as a buyer is 7%.

On average, the buyers of your Service have incurred an
Overspending level of 5.1%.

This chart illustrates the distribution of your purchases by 
procurement mechanism.

You executed the 87.3% of your purchases through 
Framework Agreement, which corresponds to 79.2% of 
the total expenditure you have incurred.

Remember to prioritize procurement procedures such as
Framework Agreement, Auctions, and Compra Ágil, as 
they facilitate better expenditure planning and 
obtaining better prices.

Please remember that by conducting thorough searches and planning purchases, you can reduce your Overspending.

1In order to provide further information on best practices in the execution of public procurements, DIPRES offers an online course, which can be accessed 

through the following link. The course access is individualized. If you wish to grant access to the course for other individuals within your Service, please write to 

gastoeficiente@dipres.gob.cl.

1

Monthly Overspending Report
Public Service's name

October 2020
Dear Recipient,

This report presents relevant information regarding the state of public spending executed by the Public Service in which you are employed, 
covering the period September 2019 - September 2020. This report comprises an analysis of aggregated purchases made by your Public Service, as 
well as a detailed breakdown of your purchases within the Public Market platform. We would like to inform you that your average Overspending as 
a buyer is 7%. You are among the top 25% of buyers in your Service with the highest Overspending. You are welcome to direct any 
inquiries regarding this report to gastoeficiente@dipres.gob.cl.

Remember that planning the expenses you make for your Service allows you to execute more efficient purchases, potentially leading to 
significant savings. For this purpose, ChileCompra's users have access to various procurement mechanisms such as Framework Agreement, Compra 
Ágil, or Procurement Auctions, which enable more strategic purchasing compared to other alternatives like Direct Purchases.

Share of Buyers according to their Overspending level

Note: This is the Buyer-level report. It shows the information displayed in the monthly reports sent to

buyers within Public and Private Treatment units.
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Figure B.5: Backpage of Buyer-level Reports

2

Appendix B

Computation of Overspending

The Overspending is an efficiency measure for purchases of standardized products, i.e. products with comparable 
attributes to other products in the market. The Overspending associated with the purchase of a product measures 
how much could have been saved if the purchase had been made at a reference price. The reference price 
corresponds to the lowest price among the set of comparable products that were available in the purchasing region at 
the time of the purchase.  For each purchase executed by a buyer, there exists an associated Overspending Amount and 
an associated Overspending  Percentage.

Consider the purchase of a product on a specific date. At the time of the purchase, there is a number of comparable products 
that meet the buyer's needs, whose availability will depend on the product's region of origin. As mentioned above, the 
reference price corresponds to the lowest price among those comparable products available in the purchasing region. The 
Overspending Amount for this purchase will then be calculated as follows:

Overspending Amount = (Purchase Price − Reference Price) × Purchase Quantity

A buyer may execute multiple purchases within a specific period, and each purchase will have a different Overspending 
Amount. To compute the Overspending Percentage of all the purchases made by a buyer, we sum the Overspending 
Amount associated with each purchase and divide the total amount by the total expenditure incurred in those purchases.

Example: Let's assume that a user makes two purchases in a specific period. The first purchase is a ream of printer paper 
priced at 2100 CLP, with a reference price of 1800 CLP. The associated Overspending Amount for that purchase will be 300 
× 1 = 300 CLP. The second purchase consists of 50 disposable face masks, priced at 190 CLP each, with a reference price of 
130 CLP. The associated Overspending Amount for that purchase will be 60 × 50 = 3000 CLP. Thus, the Overspending 
Percentage associated to the two purchases executed by the buyer is computed as follows:

Overspending % =
(

100 × 300 + 3000
1800 + 130 × 50

)
% = 39.7%

Thus, if we wish to compute the Overspending Percentage at the Public Service level, we sum the Overspending Amount 
associated with all purchases made by each buyer of the Public Service, and divide it by the total expenditure associated 
with those purchases.  Please notice that not every purchase executed by the Public Service is associated to a standardized 
product. Therefore, the results presented in this report may not comprise all the purchases executed by the Public Service 
during the analyzed period. 

Recommendations

•

•

•

Remember that you can use Compra Ágil as an alternative to Direct Purchases. In this manner, you will be able to
access a wider range of products and sellers, leading to lower prices.

When executing a purchase through Compra Ágil or Direct Purchases, clearly specify the product you want to
procure. We recommend searching for the product in other catalogs and identifying its relevant characteristics, so
you can specify them in your request. This way, you will ensure receiving a broad set of products meeting your
purchasing needs.

If you want to reduce your Overspending, consider planning your purchases and grouping them into a single
purchase order using the electronic catalog of products for Framework Agreements, which might provide lower
unit prices.

Note: This is the backpage included in the buyer-level reports. It informs how ChileCompra calculates

Overspending as well as their recommendations to make efficient purchases.
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Figure B.6: Manager-level Report

Monthly Overspending Report 
Public Service's name

October, 2020
Dear Recipient

This report presents relevant information regarding the state of public spending executed by the Public Service in which you are employed, 
covering the period September 2019 - September 2020. The report comprises an analysis of aggregated purchases made by your Public Service. The 
purpose is to facilitate the management of Overspending within your Public Service. Your Public Service ranks among the 50 Services with the 
lowest Overspending out of a total of 184 Services (excluding Autonomous Public Services and Subsecretariats). You are welcome to address any 
inquiries or concerns related to this report by contacting us at gastoeficiente@dipres.gob.cl.

Please, keep in consideration that effective expenditure planning within your Service allows for more efficient purchases,  leading to significant 
cost savings. For this purpose, ChileCompra's users have access to various procurement mechanisms such as Framework Agreements, Compra Agil, 
or Procurement Auctions, which enable more strategic purchasing compared to other alternatives like Direct Purchases.
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This chart displays the Overspending associated to each 
Public Service of the State, arranged in ascending order 
from the lowest to the highest Overspending (see 
definition in Appendix B). The relative position of your 

Public Service is indicated in yellow1.
The average Overspending in your Public Service is equal to 
1.5%, which positions it among the 50 Services with the 
lowest Overspending out of a total of 184 Services 
(excluding Autonomous Services and Subsecretariats). As 
an illustrative example, considering purchases made 
exclusively through Framework Agreement the 
Overspending in your Public Service amounts to 
approximately $200 million pesos during this period.

This chart displays the share of buyers in your Public 
Service according to their level of Overspending (%). For 
instance, 18% of the buyers within the Public Service have 
a level of Overspending  below 1%.

On   average,   the   buyers  in   your    Service    have 
incurred in an Overspending level of 5.1%. In order to 
enhance efficiency in public expenditure, it may be crucial 
for you to remind the buyers about the importance of 
minimizing Overspending as much as possible in their 
purchases.
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The chart on the left illustrates the distribution of total purchases by procurement mechanism. 51.6% of the purchases made by your Service are 
through Framework Agreement. Remember to prioritize procurement mechanisms such as Framework Agreement, Procurement Auctions, and 
Compra Ágil, which allow for better expenditure planning and better prices. The chart on the right shows the monthly evolution of Overspending 
in your Service during the reported period.

Please remember that by conducting thorough searches and planning purchases, you can reduce your Overspending.

1In order to provide further information on best practices in the execution of public procurement, DIPRES offers an online course, which can be accessed 

through the following link. The course access is individualized. If you wish to grant access to the course for other individuals within your Service, please write to 

gastoeficiente@dipres.gob.cl.

1

Note: This is the Manager-level report. It shows the information displayed in the monthly reports sent to

managers of Public and Private Treatment units.
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Figure B.7: Ranking of Buyers by Overspending, received only by Managers in Public Treatment

Appendix A
Please find below the list of active buyers of your service. The list indicates each buyer's Overspending level and the buyer's share of expenditure 
within the Public Service associated to the analyzed purchases. The buyers are organized in descending order according to their Overspending level. 
This arrangement aims to simplify the identification of individuals in need of more immediate adjustments regarding their purchasing behavior.

Name Email Overspending (%) Exp. (%)

> 40% < 0.1%
30%-35% < 0.1%
15%-20% 0.1%
15%-20% < 0.1%
10%-15% 0.1%

10%-15% 0.5%
10%-15% < 0.1%
10%-15% 0.3%
10%-15% 0.6%
5%-10% 1.1%

5%-10% 0.4%
5%-10% 0.1%
5%-10% 0.2%
5%-10% 0.3%
5%-10% 0.7%

5%-10% 0.4%
5%-10% 0.2%
5%-10% 0.9%
5%-10% 0.2%
5%-10% 0.2%

5%-10% 0.5%
5%-10% 2.9%
5%-10% 0.4%
5%-10% 0.4%
5%-10% < 0.1%

5%-10% 0.3%
5%-10% 0.3%
5%-10% < 0.1%
5%-10% 0.5%
5%-10% 0.5%

5%-10% 0.1%
5%-10% 0.1%
5%-10% < 0.1%
5%-10% < 0.1%
5%-10% 0.1%

5%-10% < 0.1%
5%-10% 0.2%
5%-10% 0.1%
5%-10% 0.4%
5%-10% 3.9%

5%-10% 0.2%
5%-10% 0.2%
5%-10% 0.5%
1%-5% 3.6%
1%-5% 0.4%

1%-5% 0.6%
1%-5% 1.6%
1%-5% 7.1%
1%-5% 3.8%
1%-5% 3.5%

1%-5% 0.1%
1%-5% 0.5%

2

Note: The list contains the names and emails of all buyers in the procurement units and the range of their

overspending, ranked by largest to lowest, as well as the share of expenditures incurred by each buyer. This

information is displayed in an additional backpage of monthly reports, but it is included only for managers

in units assigned to the Public treatment group. Page B.6



Table B.2: Sample of Ministries and Number of Procurement Units per Ministry

Ministry No. of Procurement Units

Ministry of Agriculture 5
Ministry of Science and Technology 1
Ministry of Defense 14
Ministry of Social Development and Family 5
Ministry of Economics, Development, and Tourism 12
Ministry of Education 19
Ministry of Energy 3
Ministry of Finance 8
Ministry of Justice and Human Rights 5
Ministry of Women and Gender Equality 1
Ministry of Culture and Arts 1
Ministry of Environmental Protection 2
Ministry of Mining 2
Ministry of Public Infrastructure 14
Ministry of International Relationships 4
Ministry of Health 36
Ministry of Transport and Telecommunications 1
Ministry of Housing and Urbanism 17
Ministry of Sport 1
Ministry of Interior and Public Safety 23
Ministry of Labor and Social Security 9
Ministry of General Secretariat of Government 1

Total No. of Experimental Service Units 184

Notes: List of Ministries and number of procurement Units per Ministry selected
to participate in the experiment.
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Table B.3: Experimental Design

Public
Intervention

Private
Intervention Control Total

Randomization Unit: Procurement Units (Managers) 61 62 61 184

Full Sample — February 2020 through January 2021

FA Buyers 1,052 1,127 1,091 3,270
FA Transactions 54,065 69,102 69,361 192,528

Experimental FA Buyers 778 829 1,091 2,698
Experimental FA Transactions 40,522 49,565 69,361 159,448

Placebo FA Buyers 274 298 572
Placebo FA Transactions 13,543 19,537 33,080

Pre-Treatment Sample — February 2020 through May 2021

FA Buyers 776 817 739 2,332
FA Transactions 24,589 29,326 26,127 80,042

Experimental FA Buyers 570 594 739 1,903
Experimental FA Transactions 18,297 21,232 26,127 65,656

Placebo FA Buyers 196 223 419
Placebo FA Transactions 6,292 8,094 14,386

Post-Treatment Sample — July 2020 through January 2021

FA Buyers 776 869 858 2,503
FA Transactions 29,476 39,776 43,234 112,486

Experimental FA Buyers 573 645 858 2,076
Experimental FA Transactions 22,225 28,333 43,234 93,792

Placebo FA Buyers 203 224 427
Placebo FA Transactions 7,251 11,443 18,694

Notes: Sample size by experimental group. Randomization is at the procurement unit level, stratified by Ministry
and by whether the level of overspending of the unit was above or below the median in the previous fiscal year.
Each procurement unit is randomly assigned to one of three experimental arms: Public, Private, or Control.
Procurement units assigned to the Control arm received no intervention. Full sample cover February 2020
through January 2021, excluding June 2020 (video training month). Pre-treatment period cover February 2020
through May 2020. Post-treatment period cover July 2020 through January 2021. A procurement unit is
directed by one Manager who lead a team of multiple buyers, the latter being in charge of issuing purchase
orders. We count only buyers who specialize in Food, Office Supplies, or Computers FAs, the categories for
which ChileCompra can calculate overspending from their transactions, and thus produce performance reports.
Public Treatment: Experimental FA Buyers receive an individual report on his own overspending (Appendix
Figure B.4) which carries the message “Your individual report has been sent to the Unit’s Manager.” The
manager receives the Unit-level report (Appendix Figure B.6), the individual buyer-level reports (Appendix
Figure B.4), and a list ranking each buyer by overspending and by his contribution to the unit total (Appendix
Figure B.7). Private Treatment: Experimental FA Buyers receives an individual report on his own overspending
(Appendix Figure B.4) which carries the message “Your individual report has NOT been sent to the Unit’s
Manager.” The manager receives the Unit-level report (Appendix Figure B.6), and nothing more. Randomization
of Placebo FA Buyers is at the buyer level within procurement units. FA Placebo Buyers in both public and
control group units receive the same email message indicating that his overspending is being monitored, but do
not receive Buyer- or Unit-level reports.
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Figure B.8: Baseline Distribution of Average Overprice per unit purchased, by Treatment Arm

(a) Buyer Level
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(b) Unit Level
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Note: Distribution of average overprice per unit purchased in the pre-intervention period (February–May
2020), by treatment group. The top panel shows the distribution for overprice averaged at the buyer level,
while the bottom panel shows the distribution for overprice averaged at the unit level. Observations with
overprice above the 99th percentile are excluded.
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Table B.4: Baseline Balance – Purchasing Behavior

Mean
Control

Mean
Public

Mean
Private

Public vs.
Control

Private vs.
Control

Public vs.
Private

(1) (2) (3) (4) (5) (6)

Panel A. Buyer-level

Extensive margin

If Buyer purchased in FA channel in pre-treat. period – FOSC 0.590 0.637 0.636 0.058 0.065 -0.008
(0.039) (0.040) (0.034)

If Buyer purchased in any channel in the pre-treatment period 0.924 0.948 0.941 0.001 0.007 -0.006
(0.012) (0.015) (0.015)

Intensive margin: If Buyer purchased in FA channel in pre-treat. period – FOSC

No. FA Purchase Orders – FOSC 114.797 103.438 108.376 -21.092 11.767 -32.859*
(16.890) (19.226) (18.649)

Average Overprice per unit purchased in FA – FOSC 0.087 0.091 0.098 -0.001 0.000 -0.001
(0.010) (0.007) (0.008)

Average Log Number of units purchased per product in FA – FOSC 6.823 6.811 6.753 -0.151 0.117 -0.268
(0.321) (0.335) (0.321)

Average Price Ranking Std. Dev. in the Ref. group – FOSC 0.847 0.955 0.984 -0.025 0.081 -0.106
(0.090) (0.076) (0.081)

Average Between Price CV in the Ref. group – FOSC 10.711 10.370 10.641 0.216 0.120 0.096
(0.537) (0.678) (0.605)

Within Unit Baseline Overprice Ranking (%) – FOSC 0.537 0.545 0.564 0.021 0.016 0.005
(0.025) (0.018) (0.022)

Within Unit Lowest 25% Baseline Overprice – FOSC 0.213 0.178 0.183 -0.040 -0.008 -0.032
(0.026) (0.019) (0.025)

Within Unit Lowest 50% Baseline Overprice – FOSC 0.457 0.479 0.429 0.000 -0.020 0.020
(0.036) (0.030) (0.035)

Joint orthogonality F-test (Asymptotic SEs) 0.522 0.866 0.488
Joint orthogonality F-test (Clustered Wild Bootstrapped SEs) 0.543 0.904 0.681

Panel B. Purchase-level

Overprice per unit purchased in FA – FOSC 0.108 0.110 0.117 -0.012 -0.000 -0.012
(0.011) (0.008) (0.007)

Panel C. Unit-Level

No. Buyers who purchased in FA channel in pre-treat. period – FOSC 13.685 14.558 16.120 0.364 -3.447 3.811
(6.535) (6.815) (8.296)

No. Buyers who purchased in FA channel in pre-treat. period – any product 29.037 30.962 33.220 1.009 -5.296 6.305
(12.191) (11.392) (14.423)

No. Buyers who purchased in any channel in pre-treat. period 37.778 42.538 46.480 3.431 -3.938 7.369
(15.639) (13.972) (18.321)

No. FA Purchase Orders – FOSC 2272.556 2002.481 2592.160 -505.135 -648.305 143.170
(691.879) (767.216) (740.127)

Average Overprice per unit purchased in FA – FOSC 0.101 0.100 0.096 -0.011 -0.019 0.008
(0.016) (0.014) (0.016)

Average Log Number of units purchased per product in FA – FOSC 8.479 8.794 9.071 0.273 0.230 0.044
(0.485) (0.463) (0.489)

Joint orthogonality F-test (Asymptotic SEs) 0.022 0.003 0.581
Joint orthogonality F-test (Clustered Wild Bootstrapped SEs) 0.380 0.184 0.843

Notes: Balance test using ChileCompra administrative data covering the baseline period from February to May 2020. In all, we consider only buyers in
experimental procurement units who issued FA purchase orders in Food, Office Supplies, or Computers (abbreviated as FOSC) throughout the post-treatment
period (July 2020 - January 2021), for a total of 2,076 buyers. Columns (1)–(3) report the baseline mean for each treatment arm. Columns (4)–(6) report
OLS estimates of differences in means across groups. Outcomes in Panel A are at the buyer level: mean differences are obtained by regressing the baseline
outcome against the treatment dummies and controlling for strata fixed effects (standard errors clustered at the procurement unit level are shown in parentheses).
Outcomes in Panel B are at the purchase level: mean differences are obtained by regressing the baseline outcome against the treatment dummies and controlling
for strata fixed effects, product-type fixed effects, and week fixed effects (standard errors clustered at the procurement unit level shown in parentheses).
Outcomes in Panel C are aggregated at the procurement unit level: mean differences are obtained by regressing the baseline outcome against the treatment
dummies and controlling for strata fixed effects (robust standard errors are shown in parentheses). Joint orthogonality F-test are shown at the bottom of each
family of outcomes, using both asymptotic SEs as well as clustered wild bootstrapped SEs with 10,000 replications (Cameron, C., Gelbach, J., and Miller, D.,
2008).∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.10.
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Table B.5: Baseline Balance – Buyer-level Surveys

Mean
Control

Mean
Public

Mean
Private

Control
vs

Public

Control
vs

Private

Public
vs

Private
(1) (2) (3) (4) (5) (6)

Panel A. Survey Response and Attrition (all ever respondents)

Responded baseline survey (=1) 0.838 0.831 0.845 -0.004 -0.004 0.000
(0.024) (0.020) (0.022)

Responded follow-up survey (=1) 0.466 0.444 0.434 0.045 0.048 -0.003
(0.028) (0.033) (0.029)

Responded baseline and follow-up survey (=1) 0.303 0.276 0.279 0.041∗ 0.044 -0.003
(0.024) (0.029) (0.024)

Joint orthogonality F-test (Asymptotic SEs) 0.391 0.241 0.527
Joint orthogonality F-test (Clustered Wild Bootstrapped SEs) 0.575 0.434 0.636

Panel B. Balance on Buyers’ Stated Persuadability toward Efficiency – Only if responded baseline survey

Prioritize Price over Quality if Audit 1% 0.500 0.524 0.468 0.029 -0.038 0.068∗

(0.034) (0.036) (0.040)
Prioritize Price over Quality if Audit 5% 0.553 0.584 0.526 0.028 -0.018 0.046

(0.035) (0.035) (0.039)
Prioritize Price over Quality if Audit 10% 0.594 0.616 0.550 0.020 -0.039 0.059

(0.036) (0.036) (0.038)

Joint orthogonality F-test (Asymptotic SEs) 0.657 0.256 0.222
Joint orthogonality F-test (Clustered Wild Bootstrapped SEs) 0.824 0.523 0.401

Panel C. Balance on Buyers’ Stated Persuadability toward Efficiency – Only if responded baseline and follow-up survey)

Prioritize Price over Quality if Audit 1% 0.515 0.567 0.452 0.039 -0.082 0.121∗

(0.058) (0.066) (0.069)
Prioritize Price over Quality if Audit 5% 0.570 0.600 0.513 0.000 -0.063 0.063

(0.055) (0.061) (0.064)
Prioritize Price over Quality if Audit 10% 0.603 0.639 0.539 0.004 -0.074 0.077

(0.054) (0.056) (0.063)

Joint orthogonality F-test (Asymptotic SEs) 0.123 0.884 0.449
Joint orthogonality F-test (Clustered Wild Bootstrapped SEs) 0.210 0.961 0.687

Notes: Balance test using the baseline survey data at the buyer-level. Sample of analysis comprises buyers in experimental
procurement units who responded any survey (N=2,649). Some responded only the baseline survey, some only the follow
up survey, and some responded both. Panel A reports response rates by type of respondents and arm. Panel B tests balance
among those who responded the baseline survey (N=1960), regardless of whether responded the follow up survey; Panel C tests
balance among those who responded baseline and follow-up surveys (N=715). Prioritize-price outcomes are built from the raw
unfolding-bracket audit questions. Buyers were asked: “If DIPRES audits X% of your purchases, would you prioritize price
over quality?”, with X set to 1%, 5%, and 10%. Responses are coded as a binary dummy equal to 1 if the buyer answered yes,
and zero otherwise. The lower the audit margin, the more informative the response is about the buyer’s underlying commitment
to efficiency: prioritizing price over quality despite a low audit probability is less likely to reflect compliance with audit risk
and more likely to reflect a genuine preference for cost savings. Buyers who answer yes are classified as more persuadable by
managers, since their stated preferences align more with the price-efficiency objective. Columns (1)–(3) report means by arm;
(4)–(6) OLS differences controlling for strata fixed effects. Standard errors clustered at the procurement unit level are shown in
parentheses. Joint orthogonality F-tests are shown using both asymptotic and wild cluster bootstrap (10,000 reps., Cameron, C.,
Gelbach, J., and Miller, D., 2008). ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.10.

Page B.11



Table B.6: Baseline Balance – Manager-level Surveys

Mean
Control

Mean
Public

Mean
Private

Control vs.
Public

Control vs.
Private

Public vs.
Private

(1) (2) (3) (4) (5) (6)

Panel A. Survey Response and Attrition (184 procurement units)

Responded baseline survey (=1) 0.918 0.852 0.887 -0.020 0.033 -0.053
(0.053) (0.061) (0.062)

Responded follow-up survey (=1) 0.902 0.820 0.903 -0.028 0.042 -0.070
(0.060) (0.060) (0.060)

Responded baseline and follow-up survey (=1) 0.820 0.738 0.790 0.002 0.039 -0.037
(0.075) (0.080) (0.077)

Joint orthogonality F-test (Asymptotic SEs) 0.907 0.822 0.513
Joint orthogonality F-test (Clustered Wild Bootstrapped SEs) 0.907 0.822 0.502

Panel B. Balance on Managers’ Beliefs toward Efficiency – Only if responded baseline survey

DIPRES values savings (1–7) 4.018 3.558 3.836 -0.393 -0.206 -0.187
(0.364) (0.372) (0.408)

DIPRES monitors purchases (1–7) 3.982 3.827 4.055 -0.178 0.010 -0.188
(0.348) (0.380) (0.370)

Budget execution is a pressure (1–5) 4.196 4.212 4.382 0.074 0.398∗∗ -0.324
(0.159) (0.193) (0.196)

Budget depends on execution (1–5) 3.321 3.327 3.200 0.206 -0.094 0.300
(0.270) (0.303) (0.289)

Savings lead to budget cut (1–5) 3.018 2.692 2.509 -0.228 -0.533∗ 0.304
(0.273) (0.274) (0.255)

Budget stable if under-executed (1–3) 1.982 2.019 1.855 0.120 -0.068 0.188
(0.162) (0.179) (0.175)

Budget stable if savings shown (1–3) 1.875 2.077 2.018 0.221 0.118 0.102
(0.149) (0.134) (0.144)

Joint orthogonality F-test (Asymptotic SEs) 0.745 0.599 0.146
Joint orthogonality F-test (Clustered Wild Bootstrapped SEs) 0.727 0.539 0.184

Panel C. Balance on Managers’ Beliefs toward Efficiency – Only if responded baseline and follow-up surveys

DIPRES values savings (1–7) 3.900 3.533 3.857 -0.286 0.122 -0.409
(0.414) (0.410) (0.455)

DIPRES monitors purchases (1–7) 3.860 3.800 4.082 -0.159 0.216 -0.374
(0.379) (0.403) (0.399)

Budget execution is a pressure (1–5) 4.200 4.244 4.388 0.011 0.442∗ -0.431∗

(0.173) (0.224) (0.224)
Budget depends on execution (1–5) 3.320 3.267 3.143 0.318 -0.099 0.417

(0.296) (0.327) (0.311)
Savings lead to budget cut (1–5) 3.020 2.778 2.490 -0.080 -0.437 0.357

(0.319) (0.320) (0.279)
Budget stable if under-executed (1–3) 1.980 1.978 1.837 0.049 -0.057 0.106

(0.183) (0.210) (0.204)
Budget stable if savings shown (1–3) 1.860 2.000 2.000 0.088 0.140 -0.052

(0.166) (0.151) (0.163)

Joint orthogonality F-test (Asymptotic SEs) 0.929 0.758 0.080
Joint orthogonality F-test (Clustered Wild Bootstrapped SEs) 0.914 0.664 0.122

Notes: Balance test using the baseline survey data at the manager-level. Sample of analysis comprises the 184 experimental procurement
units, with one manager per service. Panel A reports the share of procurement units whose manager responded the baseline and
follow-up surveys, by arm (attrition check). Panel B tests balance among those who responded the baseline survey (N=163); Panel C
tests balance among those who responded baseline and follow-up surveys (N=144). Columns (1)–(3) report means by arm; (4)–(6)
OLS differences controlling for strata fixed effects. Robust standard errors in parentheses. For each subsample, joint orthogonality
F-tests are shown using both asymptotic and wild cluster bootstrap (10,000 reps., Cameron, C., Gelbach, J., and Miller, D., 2008).
∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.10.
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Table B.7: Treatment Effects on Purchase Volumes

Log Number of
units purchased

per FOCs product

Number of
FOCs

purchase orders
per Buyer

Number of
FOCs and Non-FOCs

purchase orders
per Buyer

Share of
purchase orders

per Buyer
procured

through F.A.

OLS
(1)

Poisson
(2)

Poisson
(3)

OLS
(4)

Public Performance Reports 0.112 -0.299 4.827 -0.023
(0.086) (1.074) (7.234) (0.019)

Private Performance Reports -0.027 0.783 4.447 0.026
(0.087) (0.951) (5.125) (0.018)

Observations 93,769 2,076 2,076 2,076
No. Buyers 2,076 2,076 2,076 2,076

Control Mean 3.408 9.226 48.310 0.637
Baseline Outcome Yes Yes Yes Yes

Strata FEs Yes Yes Yes Yes
Product-type FEs Yes No No No

Week FEs Yes No No No
p-val. H0: Public=Private 0.282 0.345 0.959 0.011

Notes: Intention-to-treat effects of exposure to the Public and Private performance reports over the full post-treatment
period (July 2020 to January 2021). Outcomes of interest are quantity measures. Only purchases made by buyers
who executed purchase orders of at least one FOCs product in the F.A. channel in the post-treatment period are
considered. FOCs are F.A. product categories for which overprice can be measured, including Food, Office Supplies,
and Computers. Non-FOCs are F.A. product categories for which overprice cannot be measured. Regression column
(1) is a product-level regression that count the log number of units purchased per FOCs product. Column (2) is
estimated by a Poisson regression model at the buyer level, and the outcome counts the number of FOCs purchase
orders issued. Column (3) replicates regression (2) but the outcome includes FOCs and Non-FOCs purchase orders.
Column (4) is a dummy equal to one if the purchase order was issued through the Framework Agreement channel
and zero if an alternative mechanism was used (Procurement Auctions, Direct Purchases). All models control
for strata fixed effects, as well as the average outcome in the procurement unit during the pre-intervention period
(Feb.-May 2020). In product-level model (1), we additionally control for product-type and week fixed effects.
Standard errors clustered at the procurement unit level in parentheses. The bottom row reports the p-value for the
null of no difference between the Public and Private treatment effects. ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.10.
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Figure B.9: Baseline Number of Purchase Orders (P.O.) between February 2020 and May 2020
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Table B.8: Extensive and Intensive Margin Effects of being exposed to Training Video.

Intensive Margin (FA only) Extensive Margin

Overprice Log(Q) #P.O. % P.O. in FA

OLS OLS Poisson OLS
(1) (2) (3) (4)

Training Video -0.001 -0.053 -0.017 -0.017
(0.004) (0.096) (0.500) (0.014)

No. Observations 24,340 24,340 1,128 115,583
No. Buyers 1,128 1,128 1,128 4,699

Control Mean 0.103 3.448 4.840 0.360
Notes: This table shows the intention-to-treat effects of being exposed
to the Training Video. Both Public and Private assigned-to-treatment
groups were exposed to the very same Training Video, thus we report the
training effects through a single dummy that equals one if the purchase
was made in an assigned-to-treatment unit (either Public or Private) and
zero otherwise. The Training Video effects are estimated for the two-
month post-training-pre-reports period (July to August 2020). Intensive
margin outcomes all refer to purchases made through the FA mechanism,
which naturally limit the number of buyers and procurement units under
consideration. Regressions in models (1) and (2) are at the unit-transaction
level, and consider only purchases made through Food FA, Office Supplies
FA, and Computers FA, and for which overprice can be calculated (i.e., we
can find a reference group of products). Following equation 1, overprice
of a unit transaction is defined as the relative difference between the per-
unit price paid and the lowest price in the daily price distribution for
products from the reference group. Log(Q) stands for the amount of
items purchased per unit transaction (in logs). In buyer-level model (3),
estimates are derived through a Poisson regression model, and #P.O. counts
the number of Purchase Orders made by a buyer, which may contain more
than one product (wholesales). Model regressions (1)-(3) control for strata
fixed effects and the average outcome in procurement unit during the pre-
intervention period. Since models (1) and (2) are at the unit-transaction
level, we also control for product type fixed effects and week fixed effects.
The extensive margin outcome (column 4) refers to the share of Purchase
Orders made through FA (Framework Agreement) instead of alternative
procurement mechanisms like Procurement Auctions or Direct Purchases.
Outcome includes the universe of P.O. made by buyers in either of the
three purchasing mechanisms, and the regression controls for strata fixed
effects and the average outcome in the procurement unit during the pre-
intervention period (Feb. - May 2020). In all, standard errors clustered
at the procurement unit level are shown in parentheses. ∗∗∗p < 0.01,
∗∗p < 0.05, ∗p < 0.10.
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Table B.9: Extensive and Intensive Margin Effects on Placebo Buyers

Intensive Margin (FA only) Extensive Margin

Overprice Log(Q) #P.O. % FA

OLS OLS Poisson OLS
(1) (2) (3) (4)

Public Reports 0.018 0.015 2.383 0.023
(0.018) (0.126) (3.261) (0.022)

Private Reports 0.003 0.156 2.694 0.014
(0.007) (0.123) (2.049) (0.023)

No. Observations 61,928 61,928 1,285 3,124
No. Buyers 1,285 1,285 1,285 3,124

Control Mean 0.103 3.408 9.220 0.419
p-val. Public=Private 0.351 0.319 0.899 0.709
Notes: This table shows the intention-to-treat effects for placebo buyers, i.e.,
it compares purchases made by placebo buyers in Public and Private treatment
groups with purchases made by control group buyers, considering the full post-
treatment period of analysis (July 2020 to January 2021). Every month, placebo
buyers received a message indicating that her overspending is being monitored,
but do not provide any type of information about individual performance. The
extensive margin outcome refers to the share of purchases per buyer made through
FA (Framework Agreement) instead of alternative procurement mechanisms like
Auctions or Direct Purchases. Intensive margin outcomes all refer to purchases
made through the FA mechanism, which naturally limit the number of buyers and
procurement units under consideration. Regressions in models (1) and (2) are at the
unit-transaction level, and consider only purchases made through Food FA, Office
Supplies FA, and Computers FA, and for which overprice can be calculated (i.e.,
we can find a reference group of products). Following equation 1, overprice of a
unit transaction is defined as the relative difference between the per-unit price paid
and the lowest price in the daily price distribution for products from the reference
group. Log(Q) stands for the amount of items purchased per unit transaction (in
logs). In buyer-level model (3), estimates are derived through a Poisson regression
model, and #P.O. counts the number of Purchase Orders made by a buyer, which
may contain more than one product (wholesales). Model regressions (1)-(3) control
for strata fixed effects and the average outcome in procurement unit during the
pre-intervention period. Since models (1) and (2) are at the unit-transaction level,
we also control for product type fixed effects and week fixed effects. The extensive
margin outcome (column 4) refers to the share of Purchase Orders made through
FA (Framework Agreement) instead of alternative procurement mechanisms like
Procurement Auctions or Direct Purchases. Outcome includes the universe of P.O.
made by buyers in either of the three purchasing mechanisms, and the regression
controls for strata fixed effects and the average outcome in the procurement unit
during the pre-intervention period (Feb. - May 2020). In all, standard errors
clustered at the procurement unit level are shown in parentheses. ∗∗∗p < 0.01,
∗∗p < 0.05, ∗p < 0.10. Bottom row shows the p-value corresponding to the null
hypotheses of no differences between Public and Private treatment effects.
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Table B.10: Definition of Variables

Variable Definition Table/Figure

Informed about Unit’s Overspending
(manager)

Binary item asking whether the manager has a notion of the unit’s
overspending. Used as reported: 1 if yes, 0 if no.

Table 6

Perceives DIPRES monitors
purchases (manager)

The same 1–7 rating of perceived DIPRES monitoring, used directly on the
1–7 scale.

Table 6

Informed about Unit’s Overspending
(buyer)

Binary item asking whether the buyer has a notion of the unit’s overspending.
Used as reported (1/0).

Table 6

Perceives DIPRES monitors
purchases (buyer)

1–7 rating of perceived DIPRES monitoring. Coded 1 if 4 or higher, 0
otherwise.

Table 6

Informed about Own Overspending
(buyer)

Binary item asking whether the buyer has a notion of their own overspending.
Used as reported (1/0).

Table 6

Manager Actions Index (SD) Inverse-covariance-weighted (Anderson) index of the ten measures below,
each standardized against the control group, with the index re-expressed in
control-group standard deviations.

Table 7

Manager Sets Efficiency Goals Binary item: the buyer reports whether the unit sets goals to purchase at better
prices. Used as reported (1/0).

Table 7

Manager Has High-level of
Communic. with Buyers

1–7 scale of communication among the roles in the purchasing process. Coded
1 if above 4, 0 otherwise.

Table 7

Manager Sets Regular Meetings Binary item: the manager holds periodic meetings with the DAF, Head of
Service and buyers (buyer-reported). Used as reported (1/0).

Table 7

Manager Monitor and Supervise
Purchases

Binary item (measure taken by the manager, buyer-reported). Used as reported
(1/0).

Table 7

Manager Keep Overspending Records Binary item (measure taken). Used as reported (1/0). Table 7
Manager Train Buyers on Reducing
Overspending

Binary item (measure taken). Used as reported (1/0). Table 7

Manager Encourage Buyers to
Purchase Efficiently

Binary item (measure taken). Used as reported (1/0). Table 7

Manager Set Purchasing Manuals Binary item (measure taken). Used as reported (1/0). Table 7
Manager Promote Coordinated
Purchases

Binary item (measure taken). Used as reported (1/0). Table 7

Manager Implement Perf.-based
Rewards

Binary item (measure taken). Used as reported (1/0). Table 7

Buyer is More Persuadable toward
Efficiency (10% Audit)

Buyers are asked, at increasing audit probabilities, whether they would seek
the lower price or the higher quality. Coded 1 if the buyer would seek the lower
price at a 10% audit probability, 0 if the higher quality (unfolding bracket: the
indicator turns to 1 once the audit probability reaches the level at which the
buyer first chooses price).

Table 3

Buyer is More Persuadable toward
Efficiency (5% Audit)

Same, at a 5% audit probability. Table 3

Buyer is More Persuadable toward
Efficiency (1% Audit)

Same, at a 1% audit probability. Table 3

DIPRES values savings 1–7 scale (relevance the manager thinks DIPRES gives to the unit’s savings).
Used directly on the scale.

Table B.6

DIPRES monitors purchases 1–7 scale (perceived DIPRES monitoring). Used directly on the scale. Table B.6
Manager monitors purchases 1–7 scale, but reported by buyers (not in the manager survey). Used on the

1–7 scale, at the buyer level with SE clustered at the unit.
Table B.6

Budget execution is a pressure 1–5 agreement scale (strongly disagree to strongly agree). Used directly on
the scale.

Table B.6

Budget depends on execution 1–5 agreement scale. Used directly on the scale. Table B.6
Savings lead to budget cut 1–5 agreement scale. Used directly on the scale. Table B.6
Budget stable if under-executed 1–3 scale (next year’s budget decreases / stays the same / increases). Used

directly on the scale.
Table B.6

Budget stable if savings shown 1–3 scale (decrease / same / increase). Used directly on the scale. Table B.6

continued on next page
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(Table B.10 continued)

Variable Definition
Table/Figure

where it appears

DIPRES values savings 1–7 scale (relevance DIPRES gives to savings). Used directly on the scale. Table B.5
DIPRES monitors purchases 1–7 scale (perceived DIPRES monitoring). Used directly on the scale. Table B.5
Manager monitors purchases 1–7 scale (monitoring by the heads of purchasing, buyer-reported). Used

directly on the scale.
Table B.5

Budget execution is a pressure 1–5 agreement scale. Used directly on the scale. Table B.5
Budget depends on execution 1–5 agreement scale. Used directly on the scale. Table B.5
Savings lead to budget cut 1–5 agreement scale. Used directly on the scale. Table B.5
Budget stable if under-executed 1–3 scale (decrease / same / increase). Used directly on the scale. Table B.5
Budget stable if savings shown 1–3 scale (decrease / same / increase). Used directly on the scale. Table B.5
Prioritize Price over Quality if Audit
1%

Price-versus-quality choice at a 1% audit probability. Coded 1 if the buyer
would seek the lower price, 0 if the higher quality (unfolding bracket).

Table B.5

Prioritize Price over Quality if Audit
5%

Same, at a 5% audit probability. Table B.5

Prioritize Price over Quality if Audit
10%

Same, at a 10% audit probability. Table B.5
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C. Appendix: Model’s Details

C.1. Set Up

Consider a procurement unit composed of a Manager and a Buyer. The Buyer is tasked with
purchasing a standardized product at the lowest possible price. In the absence of corruption or
active waste, passive waste (inefficiency) may still arise if the Buyer’s search effort to seek out the
lowest price is insufficient. The Manager can try to persuade the Buyer to put in more search effort
through a series of managerial actions such as setting efficiency goals, holding regular meetings,
supervising purchases, creating purchasing manuals, training programs, and performance-based
rewards, to name a few. However, the manager only observes the price paid and not the Buyer’s
search effort.

Suppose that the Buyer is extrinsically motivated and derives no utility from low prices per

se. In this case, he only supplies search effort in response to rewards for finding lower prices and
managerial pressure. By default, he exerts minimal search effort and obtains a purchase price µ for
the product38. The Manager can try to persuade the buyer to provide a higher search effort through
a set of actions. Doing so can potentially lower the price down to a minimum of pm ≤ µ.39 Let
a ∈ [0, A] represent the intensity of managerial actions, with c(a) being the cost of a, which we
assume strictly increasing and convex.40

The effectiveness of the Manager’s actions depends on the Buyer’s responsiveness, captured
by the Buyer’s type θB ∈ Θ ⊆ [0, 1]. A Buyer with a higher θB is more receptive to managerial

persuasion, making it more likely that the Manager’s actions successfully induce the price pm.
The Manager persuades the Buyer to buy at price pm with probability P (θB, a) = θBϕ(a), with
ϕ(a) strictly increasing and concave function of a.

We assume that θB is unobservable to the Manager, i.e., she does not know how responsive the
Buyer is to her persuasive actions. However, the Manager can learn about θB through information
I ∈ [0,∞) accumulated from the Buyer’s purchase history and his efficiency performance. The
more information the Manager accumulates, the more accurate is her estimate of θB, allowing
her to better adjust actions. In the absence of any information, the Manager’s best guess is the
population average θ̄. Using information I , the Manager’s belief about θB is given by:

θ̂B(I) = α(I)θ̄ + (1− α(I))θB (B.1)

with α(I) strictly decreasing in I , α(0) = 1 and α(I)
I→∞−−−→ 0. Thus, if the Manager has no

information, the Manager’s belief is θ̄. As information goes to infinity, θ̂(I) converges to θB.41

38One can think of minimal effort as a single draw in a sequential search process: the Buyer samples one price from
the distribution of available prices and accepts it, so the expected purchase price is the mean µ.

39In principle, the buyer can face a distribution of multiple prices for the sought product, yet for simplicity we assume
the buyer decides between two potential prices, either µ or the minium price.

40The intensity of managerial actions could refer to the number of actions taken or the quality of those actions, yet for
tractability we do not make a specific distinction of attributes of the actions.

41How information is used by the Manager to update her belief can be rationalized as follows. Suppose the Manager
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C.2. The Manager’s Problem

The Manager’s objective is to minimize overspending net of the cost of persuasion effort. Let v(p)
be the Manager’s utility from purchasing the item at price p ∈ (pm, µ). We assume that v(·) is
strictly decreasing and concave. Then, the Manager’s payoff is given by:

um(a, θ̂B(I)) = P (θ̂B(I), a)v̄ + (1− P (θ̂B(I), a))v − c(a), (B.2)

with v̄ = v(pm), and v = v(µ).
Buyers are required to follow a purchasing protocol, and at the minimum, Managers are required

to oversee that the Buyer correctly follows this protocol. Thus, we will assume that the Manager
must exert at least a minimum intensity of managerial actions a0 = argmax{um(a, θ̄) | a ≥ 0}.
Thus, the Manager’s problem is defined as:

a∗(I) ∈ argmax{um(a, θ̂B(I)) | a ≥ a0}, (B.3)

The Manager’s optimal action intensity depends on her belief about the Buyer’s type, θ̂B(I). If
the Buyer’s true type is lower than θ̄, then she will realize that the Buyer is less responsive to her
actions. Therefore, her optimal action profile will not change, a∗(I) = a0. Conversely, if θB > θ̄,
new information reveals that the Buyer is more responsive than the Manager initially believed, and
hence will optimally increase the intensity of her actions above the minimum a0.42

The Manager’s utility function can be written as:

um(a, θ̂B(I)) = (v̄ − v)θ̂(I)ϕ(a) + v − c(a).

Let I > 0 be the Manager’s updated information, and let a∗ = a∗(I, θB) the solution for the
Manager’s problem. First order conditions imply:

∂um(a
∗(I), θ̂B(I))

∂a
= (v̄ − v)θ̂(I)ϕ′(a∗)− c′(a∗) = −λ, (B.4)

where λ ≥ 0 is the Lagrange multiplier associated with the constraint a − a0 ≥ 0. The
assumptions over ϕ and c imply that a0 > 0 and thus

∂um(a0, θ̄)

∂a
= (v̄ − v)θ̄ϕ′(a0)− c′(a0) = 0.

holds a Normal prior θB ∼ N (θ̄, σ2
0) and each period observes a noisy signal st = θB + εt, with εt ∼ N (0, σ2

ε)

i.i.d. After accumulating I signals with sample mean s̄I , the posterior yields θ̂B(I) = α(I)θ̄+ (1−α(I))s̄I , where
α(I) = σ2

ε/(σ
2
ε + Iσ2

0). Notice that the posterior mean depends on the realized signals s̄I , which are stochastic. As
I → ∞, s̄I → θB almost surely. Equation B.1 is a simplification that keeps the model tractable and is sufficient
to capture the key dynamic: as the Manager accumulates more information, her belief transitions from the prior θ̄
toward the Buyer’s true type θB , allowing her to better tailor her actions over time.

42To avoid uninteresting cases, we assume that lima→0 ϕ
′(a) = +∞, lima→∞ ϕ′(a) = 0, lima→0 c

′(a) = 0, and
lima→+∞ c′(a) = +∞.
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First, notice that if θB = θ̄, then θ̂(I) = θ̂(0) = θ̄, which implies that a∗(I) = a0. Suppose
now that θB < θ̄. It follows that

∂um(a
∗(I), θ̂B(I))

∂a
<

∂um(a
∗(I), θ̄)

∂a
<

∂um(a0, θ̄)

∂a
= 0

Therefore, λ > 0. By complementary slackness, we conclude that a∗ = a0. Hence, if θB ≤ θ̄,
the Manager will maintain her baseline level of effort.

Now consider the case θB > θ̄. Then, ∂um(a0,θ̂B)
∂a

> 0. First order conditions, and strict
concavity of um in a imply that a∗(I, θB) > a0. In addition, the partial cross derivative of the
Lagrange operator is given by:

∂2

∂a∂I
um(a, θ̂B(I)) = (v̄ − v)ϕ′(a)

∂

∂I
θ̂B(I). (B.5)

Since θB > θ̄, ∂
∂I
θ̂(I, θB) > 0. Therefore, by Topkis Theorem, Manager’s persuasion actions

a∗(I, θB) are increasing in I if θB > θ̄. We summarize the previous conclusion in the following
predictions:

C.3. Exogenous efficiency measure

Once the action profile a∗(I) is chosen, the probability of achieving the lowest price depends on
the true Buyer’s type θB. Let f : R+ → R be an exogenous efficiency measure such that f(p) is
the efficiency of a purchase of the item at price p ∈ (pm, µ), with f strictly decreasing in p. (For
instance, f(p) could be defined as the overprice of the purchase: f(p) = −(p− pm)/pm.) Then,
the purchase efficiency from Manager’s actions profile is given by:

π(I) = P (θB, a
∗(I))f(pm) + (1− P (θB, a

∗(I)))f(µ). (B.6)

It follows that the effect of information in purchase efficiency is driven solely by Manager’s
actions. Purchase efficiency π(I) is constant in I for low types (θB < θ̄) and strictly increasing in
I for high types (θB > θ̄). Indeed, the expected purchase efficiency from Manager’s efforts can be
written as:

π(I) = [f(pm)− f(µ)]θBϕ(a
∗) + f(µ)

If θB ≤ θ̄, for any I > 0 the Manager will exert the baseline level of persuasion actions a0.
Thus, in this case π(I) is constant in I . If θB > θ̄, then a∗(I) > a0, and:

∂π(I)

∂I
= [f(pm)− f(µ)]θBϕ

′(a∗(I))
∂a∗(I)

∂I
> 0
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Thus if θB > θ̄ and I > 0, then π(I) is strictly increasing in I .

C.4. Price dispersion and potential reduction in paid price

We model the Buyer’s search process as a sequential search (Weitzman, 1979). Each search
is a random sample of a price at cost κ > 0 from a continuous distribution G(σ) with support
Γ = [pm, p̄]. Let µ and σ2 the mean and variance of G(σ). By default, absent any managerial
action, the Buyer exerts a minimal effort and samples only once, yielding the expected price µ.
The larger is the number of searches the lower is the expected price obtained from searching. The
Manager’s actions persuade the buyer to increase the number of searches such that minimum price
pm is obtained.

The return to searching depends on the price dispersion, captured by the variance of the price
distribution σ2. When the distribution G widens, the best available price pm falls. Thus, the
Manager has more incentives to persuade the Buyer to purchase at pm, implying the intensity of
her managerial actions is increasing in price dispersion σ2. As both pm and a∗ can change with σ2,
then efficiency π(I) indirectly depends on σ2. The cross partial derivative of the Manager’s utility
is given by:

∂2um

∂a∂σ
= θ̂Bϕ

′(a)

(
v′(pm)

dpm

dσ

)
.

Since v′(pm) < 0, and pm is strictly decreasing in σ, the Manger’s persuasion action a∗(I) is
strictly increasing in σ, for all I ≥ 0. To assess the effect of price dispersion in purchase efficiency,
define f(p) in terms of the overprice measure f(p) = −(p− pm)/pm. Then,

π(I) = (1− θBϕ(a
∗(I)))

(
1− µ

pm

)
,

from which we obtain the partial derivative with respect to σ,

∂π(I)

∂σ
= (1− θBϕ(a

∗(I)))
µ

(pm)2
dpm

dσ
− f(µ)θBϕ

′(a∗(I))
∂a∗(I)

∂σ
.

Hence, the magnitude of the effect of information on purchase efficiency π is also shaped by
price dispersion, through similar mechanisms. On the one hand, information raises the baseline
probability that the Manager successfully persuades the Buyer, it reduces the losses generated by
increasing the gap between µ and pm. On the other hand, the effect of information on π is also
shaped by σ2 through the Manager’s actions through two opposite effects. Indeed,

∂π(I)

∂σ
− ∂π0

∂σ
=

θBµ

(pm)2
dpm

dσ
(ϕ(a0)− ϕ(a∗(I)))

+ f(µ)θB

(
ϕ′(a0)

∂a0
∂σ

− ϕ′(a∗(I))
∂a∗(I)

∂σ

)
Page B.22



The first term is unambiguously positive, since price dispersion increases the Manager’s
incentive to exert further actions in response to new information, since dispersion widens the gap
v̄ − v. However, due to diminishing marginal returns, information may not raise the intensity of
her actions by as much in a higher-dispersion setting as it would in a lower-dispersion setting. As
a result, whether the effect of information on purchase efficiency is strengthened or weakened
by price dispersion depends on which of these two forces dominates. If the marginal return of
increasing further a∗ is large enough, the gains in efficiency from increasing information are larger
when price dispersion is higher.

The effect of information on efficiency is affected by the potential price reduction from
persuasion: ∆p = µ− pm through an equivalent mechanism. The gap ∆p is reduced whenever
Buyers purchase closer to pm in absence managerial actions. That is, when µ moves closer to pm.
If µ is closer to pm there is less room left for the Manager to improve upon the untreated outcome.
Conversely, the gap widens as µ moves further from pm, leaving more room for the Manager’s
actions to matter. The direct effect of increasing µ on π, and its effect on the efficiency gains from
information are given by:

∂π(I)

∂µ
= (1− θBϕ(a

∗(I)))f ′(µ)− θBϕ
′(a∗(I))

∂a∗(I)

∂µ
f(µ).

∂π(I)

∂µ
− ∂π0

∂µ
= θBf

′(µ)(ϕ(a0)− ϕ(a∗(I)))

+ f(µ)θB

(
ϕ′(a0)

∂a0
∂µ

− ϕ′(a∗(I))
∂a∗(I)

∂µ

)
This is an equivalent channel through which price dispersion operates: dispersion widens the

potential gain by lowering pm. As with dispersion, a wider potential gain raises the Manager’s
incentive to implement persuasion actions, but diminishing returns to managerial actions mean
this incentive may not translate into much additional persuasion when the Manager is already
acting in response to information. Hence, the effect of both, price dispersion and ∆p, are generally
ambiguous.

C.5. Intrinsically motivated Buyers

Thus far, the Buyer is extrinsically motivated, as he only searches for low prices if the Manager
undertakes managerial actions. Suppose now that the Buyer has no extrinsic motivation but
intrinsically values low prices by ub(p) = −p. To search for low prices, the buyer sequentially
samples prices from a distribution G with support in Γ = [pm, p̄]. The expected price obtained
from sampling x times prices is p(x) = E [min{p1, . . . , px}], where p1, . . . , px are i.i.d. draws
from G.

Importantly, when the Buyer is only intrinsically motivated, Manager’s persuasion actions have
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no effect on the Buyer’s search decision, implying information I acquired by the manager has zero
effect on the purchased price through Manager’s actions. The Buyer follows an optimal stopping
rule characterized by a reservation price r, accepting the first sampled price below r. The optimal
reservation price satisfies:

κ =

∫ r

pm
(r − p) dG(p),

where G is the distribution of prices. However, if a large number of sellers participate in this
market, available options can exhibit a wide range of prices. Further, sellers adjust their prices
over time, and the Buyer must actively search to identify the cheapest option. Without guidance,
the Buyer can only sample from a limited range of available prices, and potentially missing
lower prices. We assume that Buyer has incomplete information about the true price distribution
G. However, information helps the Buyer to find lower prices and adjust his reservation price
accordingly. The Manager can share information I ≥ 0 that informs the Buyer about the true
price dispersion, expanding the range of prices the Buyer perceives as accessible. Knowing the
availability of lower prices allows the Buyer to optimally decrease his reservation price.

To model the role of information in searching, consider a location-scale family of random
variables G = {p(γ) = µ+ γZ : σ0 ≤ γ ≤ σ}, with Z ∼ φ is a standardized random variable
with bounded support. The family G comprises price distributions with mean µ, and standard
deviation γ. As γ increases, the distribution preserves its shape but spreads further around µ.
Assume that the true distribution of prices is p(1) = µ+ σZ ∼ G, with support Γ = [pm, p̄]. Let
Γ(γ) denote the support of p(γ). It follows that Γ(γ) = [p(γ), p̄(γ)] with p(γ) = µ+ γ(pm − µ)

and p̄(s) = µ+ γ(p̄− µ). Therefore {Γ(γ)}γ∈[σ0,σ] is a nested family of supports, Γ(γ) ⊊ Γ(γ′)

for all γ < γ′. Define:
Define γ(I) = σ0

(
1

1+I

)
+ σ

(
I

1+I

)
, with 0 < σ0 < σ. The value γ(I) captures the fraction

of price dispersion accessible to the Buyer, while σ captures the standard deviation of the true
distribution of prices. When γ(I) is small, prices are concentrated near the mean µ and the Buyer
accesses to limited price options. As γ(I) increases from σ0 toward σ, the Buyer gains access to
a wider range of prices, including lower prices further below the mean. The nested structure of
supports reinforces this intuition. If γ(I) is larger, the Buyer faces a strictly richer price distribution.
Hence, γ(I) reflects the quality of the Buyer’s information about the market. Better information
allows the Buyer to identify options with greater price dispersion, increasing the potential gains
from search. The true distribution G is recovered at limI→∞ γ(I) = σ, representing the case of
full information.

Denote G(p|γ) the distribution of p(γ). Let r(γ) be the reservation price with respect to the
distribution G(p|s) 43. We assume that κ is such that r(γ(0)) < µ. This means that the cost of
searching κ is small enough to allow the Buyer to be selective, only accepting prices below the
mean. This assumption is reasonable in markets where the number of available prices is large,

43The Implicit Function Theorem guarantees that r(γ) is a continuously differentiable function of γ.
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and the cost of each sample is low, such as online markets. While the information affects the
reservation price of the Buyer, the prices are actually sampled from the true underlying distribution
G. Thus, the expected price obtained by the Buyer is given by:

p∗(γ) = E[p|p ≤ r(γ)] =

∫ r(γ)

pm
pdG(p)

G(r(γ))
.

We will show that the reservation price r(γ) and the expected purchase price p∗(γ) are
decreasing in γ, and therefore in information I . Notice that:

κ = [pG(p|γ)]r(γ)p(γ) −
∫ r(γ)

p(γ)

pdG(p|γ) =
∫ r(γ)

p(γ)

G(p|γ)dp.

Since p(γ) = µ+ γZ,

κ =

∫ r(γ)

p(γ)

φ

(
p− µ

γ

)
dp = γ

∫ η(γ)

p(γ)−µ

γ

φ(t)dt,

with η(γ) = r(γ)−µ
γ

. Then, differentiating with respect to γ:

0 =

∫ η(γ)

p(γ)−µ

γ

φ(t)dt+ γ

[
φ(η(γ))η′(γ) + φ

(
p(γ)− µ

γ

)
d

dγ

{
p(γ)− µ

γ

}]
.

Since p(γ)−µ

γ
= pm − µ, φ

(
p(γ)−µ

γ

)
= 0. It follows that:

0 =

∫ η(γ)

p(γ)−µ

γ

φ(t)dt+ γφ(η(γ))η′(γ).

From which we get and expression for η′(γ):

η′(γ) = −
(

1

γφ(η(γ))

)∫ η(γ)

p(γ)−µ

γ

φ(t)dt.

Therefore, η′(γ) < 0. Furthermore, by definition of η(γ),

r′(γ) = η(γ) + γη′(γ).

Since η(σ0) < 0, and r(γ) is continuous, it follows that r(γ) is decreasing in γ. Moreover,
higher dispersion also translates in smaller expected price p∗(γ). This follows directly from the
reservation price condition. Indeed,

p∗(γ) = r(γ)− κ

G(r(γ))
,

which implies that p∗(γ) is decreasing in γ. Thus, the higher the information, the lower is the
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reservation price. This directly implies that the expected price p∗(γ(I)) is strictly decreasing in I .
Furthermore, in the absence of extrinsic motivation, the Manager’s actions have no effect on the
Buyer’s effort, so P (θB, a) = 0. The Manager’s payoff is:

um(a, θ̂B(I)) = v(p∗(γ(I)))− c(a) ⇒ a∗(I) = a0.

Hence, purchase efficiency is driven solely by the Buyer’s search effort, π(I) = f(p∗(γ(I))),
and is increasing in information I . The expected purchase price p∗(γ(I)) is therefore a strictly
decreasing function of information I , which in turn determines purchase efficiency π(I) =

f(p∗(γ(I))). Consider f(p) = −(p− pm)/pm. Then,

∂π(I)

∂I
= −(pm)−1dp

∗(γ(I))

dγ
· ∂γ(I)

∂I
> 0 (B.7)

C.6. Does price dispersion σ affect efficiency when buyers are intrinsically motivated?

The same result on paid price p∗(γ) extends to price dispersion σ: greater price dispersion leads to
a lower expected purchase price, as the Buyer faces a wider range of prices and becomes more
selective in his search. Since ∂γ

∂σ
> 0, the expected purchase price p∗(γ) is decreasing in σ. The

partial derivative of π(I) with respect to σ is given by:

∂π(I)

∂σ
= −(pm)−2

(
dp∗(γ(I))

dγ
· ∂γ(I)

∂σ
pm − p∗(γ(I))

dpm

dσ

)
(B.8)

Thus, π(I) is increasing in σ if:

dp∗(γ(I))

dγ
· ∂γ(I)

∂σ
pm < p∗(γ(I))

dpm

dσ
(B.9)

Notice that both sides of the inequality are negative. The left hand side of the inequality
represents the efficiency gains from a higher price dispersion: the reduction in the paid price
p∗(γ(I)) from increasing σ. The right hand side of the inequality is the efficiency loss from
increasing σ: the reduction in the minimum price pm resulting from a wider price dispersion.
Therefore, purchase efficiency π(I) is increasing in σ if the gains from decreasing p(γ(I))

outweighs the loses from lowering the reference price pm.
Price dispersion σ also shapes how effective information is. A larger σ tends to make

information more valuable, as lower prices are available to the Buyer. However, these effects are
not unambiguous:

∂2r(γ)

∂I∂σ
= r′′(γ)

∂γ

∂I

∂γ

∂σ
+ r′(γ)

∂2γ

∂I∂σ
.
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The term r′′(γ) represents how sharply the reservation price responds to further increases in γ,
an object we cannot sign without further assumptions on the distribution φ. The same ambiguity
carries over to the expected purchase price p∗.

C.7. Does the price gap ∆p affect efficiency when buyers are intrinsically motivated?

Analogously to the potential price reduction from persuasion in the extrinsic model, define
∆p = p∗(σ0)− p∗(σ) as the potential reduction in price available to the Buyer, the gap between
the price attainable under full information and the price attainable at baseline. Again, ∂γ/∂σ0 > 0

implies that purchase price p∗(γ) is decreasing in σ0. Therefore, ∆p shrinks as the buyer’s baseline
dispersion σ0 approaches the true dispersion σ. Purchase efficiency is given by:

π(I) = f(p∗(γ)) = 1− p∗(γ(I))

pm
(B.10)

Since pm does not depend on σ0, then:

∂π(I)

∂σ0

= −(pm)−1∂p
∗(γ(I))

∂γ

∂γ(I)

∂σ
> 0 (B.11)

Hence, purchase efficiency is increasing in σ0 and, therefore, decreasing in ∆p.
Finally, following equivalent arguments as in the previous section, the effect of ∆p on the

effect of information is also ambiguous.

C.8. Extrinsically and Intrinsically motivated Buyers

When the Buyer is both intrinsically and extrinsically motivated, information plays a dual role that
creates a tension in the Manager’s optimal response. The Manager has incentives to take actions as
long as p∗(I) > pm for any given I > 0. Information helps the Manager learn that a high-type
Buyer is more responsive to her actions, raising the marginal return to extrinsic effort. In addition,
more information also reveals that the Buyer is already exerting search effort on his own, reducing
the marginal gain from the Manager’s intervention. How much the Manager increases her effort as
information grows depends on which effect dominates. If intrinsic motivation is strong enough,
the Buyer’s search effort drives the purchase price sufficiently close to pm, making it suboptimal
for the Manager to undertake costly persuasion actions, even when θB is high.

The objective function of the Manager is given by:

um(a, θ̂B(I)) = [v(pm)− v(p∗(γ))]θ̂(I, θB)ϕ(a) + v(p∗(γ))− c(a).

Let a∗ = a(I) the optimal Manager persuasive effort. Notice that if pm > p∗(I), then
a∗(I ′) = a0 for any I ′ > I . Then
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∂2

∂a∂I
um(a, θ̂B(I)) = [v(pm)− v(p∗(γ))]ϕ′(a)

∂θ̂(I, θB)

∂I
− θ̂(I, θB)ϕ

′(a∗)v′(p∗(γ)(p∗(γ))′
∂γ

∂I
.

The first term captures the effect of information from Manager’s actions (extrinsic motivation),
while the second term captures the effect of information from the marginal gain due to search
effort (intrinsic motivation). By Topkis’ Theorem, whether the Manager’s actions are increasing
in information I will be determined by the magnitude of the mentioned effects. If the effect of
information on the marginal utility of Buyer’s search effort is large enough, the Manager will
choose a lower level of actions.

Further, in this context, the purchase efficiency is:

π(I) = θBϕ(a
∗)[f(pm)− f(p∗(γ))] + f(p∗(γ)).

Thus, the effect of information will also depend on the relative importance of the intrinsic and
extrinsic motivation. Indeed, the partial derivative of π(I) with respect to I is given by:

∂π(I)

∂I
= θBϕ

′(a∗)[f(pm)− f(p∗(γ))]
∂a∗

∂I
+ (1− θBϕ(a))f

′(p∗(γ))(p∗(γ))′
∂γ

∂I

Thus, the effect of information on purchase efficiency is given by its effect on Manager’s
action and its effect on Buyer’s search efforts. Notice that while the purchased price from Buyer’s
intrinsic motivation p∗(γ) is decreasing in I , the effect of information can deter the Manager’s
actions for highly motivated Buyers.

The same tension arises with respect to price dispersion. A more dispersed market improves
the Buyer’s search outcomes directly, as a higher dispersion parameter σ lowers the expected
purchase price. Thus, the effects of both information and price dispersion on purchase efficiency
are in general ambiguous, as each improves efficiency through the Buyer’s own search but may
simultaneously discourage the Manager’s intervention. Nevertheless, since Manager’s actions
are bounded below, any increase in information yields weakly higher efficiency compared to the
baseline, so π(I) > π(0) for any I > 0. In contrast, no such guarantee holds for price dispersion
when the Manager has information I > 0: a market with higher dispersion σ may induce lower
Manager persuasion actions a∗(I) compared to a market with lower dispersion, offsetting the direct
gains from the Buyer’s search and implying that the effect on purchase efficiency is ambiguous.

C.9. Price Dispersion

Are there bigger gains to information in reference groups with more price dispersion? We start
this discussion by building price dispersion into the model in the context of a Buyer sequential
search process (Weitzman, 1979). Each search is a random sample of a price at cost κ > 0 from a
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continuous distribution G(σ) with support Γ = [pm, p̄]. Let µ and σ2 the mean and variance of
G(σ). By default, absent any managerial action, the Buyer exerts a minimal effort and samples
only once, yielding the expected price µ. The larger is the number of searches the lower is the
expected price obtained from searching. The Manager’s actions persuade the buyer to increase the
number of searches such that minimum price pm is obtained.

The return to searching depends on the price dispersion, which is captured by the variance
of the price distribution σ2. When the distribution G widens, the best available price pm falls.
Thus, the Manager has more incentives to persuade the Buyer to purchase at pm, implying that
the intensity of her managerial actions is increasing in price dispersion σ. As both pm and a∗(I)

can change with σ2, then efficiency π(I) depends both directly and indirectly on σ2. First, in the
absence of manager persuasion actions, the minimum price pm falls if price dispersion σ2 increases.
Thus, increasing σ2 generates efficiency losses by decreasing f(µ). Second, as discussed above,
greater dispersion increases a∗(I), and with it the number of searches, and so the probability of
purchasing at price pm, generating efficiency gains. Hence, whether the positive or the negative
force dominates determines the direction of the effect of dispersion on efficiency.

Likewise, the gains from information can be strengthened or weakened by price dispersion.
While the intensity of Manager’s actions a∗(I) is larger when she faces bigger price dispersion, the
gains in efficiency from information might be diminished due to decreasing marginal returns. As a
result, the effect of information in efficiency might decrease for higher levels of price dispersion
44 Overall, the direction of these effects is ambiguous, which we formalize in the following
predictions:

Prediction E.5. Purchase efficiency π(I) increases with σ2 only if the efficiency gains from

Manager’s persuasion actions a∗(I) exceed the efficiency losses from a less favorable counterfactual

outcome f(µ).

Prediction E.6. The effect of information I > 0 on purchase efficiency π(I) can be either

strengthened or weakened by a greater price dispersion σ2.

C.10. Buyer Performance Gap

Does information get the most from a buyer where there is the most to gain, i.e., one who is a
poor performer? Purchase efficiency depends on the potential reduction in price from persuasion,
∆p = µ− pm. A wider gap ∆p increases the Manager’s incentive to persuade the Buyer, but this
comes at the cost of decreasing f(µ), and so the purchase price if persuasion fails. Thus, the net
effect on efficiency depends on whether the gains from more intense managerial actions outweigh
the losses from a less favorable counterfactual outcome.

A similar dynamic shapes how effective information is: since both dispersion and ∆p widen
the potential gains from persuasion, they raise the Manager’s incentive to respond to information,
44Determining the direction of the effect of price dispersion σ2 in the efficiency gains from information requires

further assumptions on the functional form of ϕ. See Appendix C.

Page B.29



but diminishing marginal returns to managerial actions mean this incentive may not translate into
much additional persuasion once the Manager is already acting intensely. Whether the effect of
information on purchase efficiency is strengthened or weakened by price dispersion or by ∆p

therefore depends on which of these forces dominates (see Appendix C for derivations).

Prediction E.7. Purchase efficiency π(I) increases with ∆p only if the efficiency gains from the

Manager’s persuasion actions a∗(I) exceed the efficiency losses from a less favorable counterfactual

outcome f(µ).

Prediction E.8. The effect of information on purchase efficiency can be either strengthened or

weakened by a greater price gap ∆p.
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