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Abstract

The assignment of workers to tasks and teams is a key margin of firm productivity and a
potential source of state effectiveness. This paper investigates whether a low-capacity state
can increase its tax revenue by optimally assigning its tax collectors. We study the two-stage
random assignment of property tax collectors into teams and to neighborhoods in a large Con-
golese city. The optimal assignment involves positive assortative matching on both dimen-
sions: high (low) ability collectors should be paired together, and high (low) ability teams
should be paired with high (low) payment propensity households. Positive assortative match-
ing stems from complementarities in collector-to-collector and collector-to-household match
types. We provide evidence that these complementarities reflect in part high-ability collec-
tors exerting greater effort when matched with other high-ability collectors. According to our
estimates, implementing the optimal assignment would increase tax compliance by 2.94 per-
centage points and revenue by 26% relative to the status quo (random) assignment. Alternative
policies, such as replacing low-ability collectors with new ones of average ability or increasing

collectors’ performance wages, are likely incapable of achieving a similar revenue increase.
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1 Introduction

The assignment of workers to tasks and teams is an important margin through which private
firms can raise productivi‘[y.1 Less is known, however, about the assignment margin in the
public sector, even though ex-ante it may be an attractive tool to raise performance. Indeed,
the public sector is often beset by inefficiencies, and many standard tools to boost worker
performance, such as promotion incentives, are typically unavailable to governments due to
seniority-based civil service regulations.”> Moreover, there is growing recognition that public-
sector workers explain a large share of the variation in state performance across sectors and
regions (Finan et al., 2017; Best et al., 2019; Fenizia, 2022). Yet, we have little evidence
on whether improving the assignment of public sector employees to postings or teams can
enhance state effectiveness.

This paper examines the assignment of frontline public-sector workers as a source of
state capacity. We study tax collectors in the Democratic Republic of the Congo (DRC), a
fragile state seeking to build a reliable tax revenue base from the ground up. As in many
developing countries, field-based teams of tax collectors solicit payment of the property tax
directly from households. During the six-month 2018 property tax campaign, the Provincial
Government of Kasai Central randomized tax collectors to teammates and neighborhoods to
minimize opportunities for collusion. Our design exploits the two-stage random assignment
of (i) 34 tax collectors into new two-person teams each month, and (i7) collector teams to 180
neighborhoods (19,600 properties) in the city of Kananga. Collector teams first went door to
door registering properties and then returned to collect the property tax. During the property
tax campaign, the median collector worked with 6 different teammates and in 12 different
neighborhoods (covering over 1,500 properties).

We use this two-stage randomization to estimate the optimal assignment — of collectors
to teammates and teams to households — and its impact on tax compliance, i.e., the prob-
ability that households pay taxes.> First, we partition households into high and low types
according to their tax payment propensity. To measure households’ payment propensity, we
rely on estimates of each property owner’s ability to pay the property tax provided by the
neighborhood chief before tax collection in 78 randomly selected neighborhoods (our analy-

ISee, e.g., Becker (1973); Crawford and Knoer (1981) on the role of assignment theoretically and Graham
(2011); Graham et al. (2014); Bonhomme (2021) on estimation for different types of assignment problems.
See, e.g., Rotemberg (1994); Ichino and Maggi (2000); Mas and Moretti (2009); Bandiera et al. (2010) on peer
effects and social incentives in the workplace.

ZBertrand et al. (2020) show that rigid promotion rules constrain the performance of public-sector workers.

3The approach we adopt adapts and extends Bhattacharya (2009), and Graham et al. (2020a).



sis sample).* Chiefs’ estimates are highly correlated with subsequent tax compliance during
the campaign, providing a convenient pre-treatment measure of household type. Similarly,
we partition tax collectors into two types.> Because we lack a pre-treatment measure of col-
lector ability, we use a sample-splitting approach, estimating collector type in the randomly
selected sample of 102 neighborhoods for which we don’t have information about household
payment propensity (our holdout sample). Specifically, using a fixed effects model, we esti-
mate the average compliance achieved by each collector in the neighborhoods to which they
were randomly assigned. We then split at the median to define high and low types.

Having defined collector and household types, we use the analysis sample to estimate the
average tax compliance function — i.e., the expected tax compliance conditional on collector
and household types — non-parametrically (Bhattacharya, 2009; Graham et al., 2020a). We
then use our estimates to find the counterfactual optimal assignment function: the assignment
of collectors to teammates and households that would maximize tax compliance subject to
status quo constraints in the marginal distributions of collector type and collector-household
type. Finally, we estimate the effect of implementing the (counterfactual) optimal assignment
on tax compliance and revenue relative to the status quo random assignment.

It is not ex-ante obvious what assignment would be optimal.® Negative assortative match-
ing of collectors into teams could be justified if the essential tasks can be done by a single
(skilled) worker, while positive assortative matching could be optimal in the presence of com-
plementarities in effort or skill. Similarly, if high-type households pay taxes with minimal ef-
fort on the part of collectors, it could be optimal to assign them to low-type collectors; but the
opposite would be true if it takes conscientiousness and persuasiveness to elicit payment even
from high-type households. What assignment function maximizes tax compliance is thus an
empirical question.’

We find that the optimal assignment involves positive assortative matching on both di-
mensions. To maximize tax compliance while holding tax collection staff constant, the gov-

ernment should (i) form teams of exclusively high- or low-type collectors (i.e., homogeneous

“4These chiefs are locally embedded leaders with a high degree of local information about each neighborhood’s
residents. After property registration but before collection, state collectors consulted with the city chief in the
neighborhood to ask about the ability to pay of each resident (Balan et al., 2022).

>In the main analysis, we use two collector types because it appears to be the optimal number of types according
to unsupervised machine learning methods (cf. Section A3. The results are also robust to allowing for more
collector types (cf. Section 8.2).

6Past empirical work on optimal matching reaches divergent conclusions depending on the context and produc-
tion function of interest (cf. Section 7).

"Importantly, by estimating the tax compliance function non-parametrically, our empirical approach allows us
to detect complementarity (supermodularity), substitutability (submodularity), or neither.



teams), and (i) assign high-type teams to households with high payment propensity and low-
type teams to households with low payment propensity. Positive assortative matching stems
from complementarities in collector-to-collector type and collector-to-household type in the
average tax compliance function. We provide evidence that these complementarities reflect
high-type collectors exerting greater effort when matched with other high types, collecting
taxes on more distinct days and for more total hours. They also focus their higher enforce-
ment effort towards high-type households, in neighborhoods where cash-on-hand constraints
are less likely to bind, and at times of day when property owners are likely to be cash “rich.”
High-type teams thus appear to raise more revenue by working longer hours, which increases
the probability that they visit property owners at times they have the cash on hand to pay.

We estimate that implementing the optimal assignment would increase tax compliance
by 2.941 percentage points relative to the status quo random assignment. This amounts to a
37% increase in tax compliance relative to the status quo average of 8%. The optimal assign-
ment would also lead to a 54 Congolese Francs (CF) increase in tax revenue per owner, a 26%
increase from the status quo assignment average of 206 CF. Each dimension of the optimal as-
signment — collector-to-collector and collector-to-household — contributes roughly equally
to the total effect. Specifically, only optimizing the assignment of collectors to teammates
would increase compliance by 16%, while only optimizing the assignment of collectors to
households would increase compliance by 10%. The increase in tax compliance under the op-
timal assignment would be progressivity-enhancing, largely falling on wealthier households
with more valuable properties.

We consider a range of robustness checks, including implementing an alternative non-
linear methodology, varying the number of collector types, using alternative definitions of
collector and household type, considering alternative government maximands, optimizing at
the neighborhood level (rather than at the household level), and providing estimates robust to
overfitting and the “winner’s curse.” None of these exercises qualitatively change the main
results. An important concern is potential endogenous responses to the implementation of the
optimal assignment, motivated by past evidence that counterfactual “optimal” assignments

can sometimes backfire when implemented in the real world (Carrell et al., 2013).8 The main

8 As discussed in Section 8, the specific issue encountered in Carrell et al. (2013) — endogenous formation of
subgroups of low- and high-ability students within mixed cohorts — is less concerning in our setting because
(i) teams are of size two, which prevents endogenous social group formation within teams, (ii) in the RCT, we
directly observe tax compliance for all possible combinations of types — including L-L and H-H teams, which
characterize the optimal assignment — while Carrell et al. (2013) relied on predictions outside of their RCT’s
support, and (iii) we can use the monthly reassignment of collectors to test specific implementation issues of
concern (e.g., effort or learning), while Carrell et al. (2013) only observed individuals assigned to a single
cohort.



issues in our setting are that changing collectors’ assignments could directly impact their
effort levels or opportunities for learning by match type over the course of the campaign.
According to evidence from the repeated re-assignment of collectors each month of the cam-
paign, low-type collectors would be unlikely to differentially exert less effort or lose learning
opportunities under the optimal assignment.

We also investigate potential unintended consequences of implementing the optimal as-
signment policy on other margins, such as bribery, payment of other taxes, and citizens’ views
of the tax authority. Although there is a marginally significant increase in total bribes, this
reflects the fact that high-type collector teams make more visits to households and thus have
more opportunities to collect bribes. Indeed, we find no increase in bribes per visit — the
relevant policy parameter — under the optimal policy. According to our estimates, the opti-
mal policy would also not undermine citizens’ compliance with other taxes, their view of the
government, or their tax morale.

Finally, to benchmark our estimated effects, we consider two counterfactual collector se-
lection policies: reallocating households assigned to low-type collectors to high-type col-
lectors (reallocation policies) or to newly hired collectors (hiring policies). To achieve the
same increase in tax compliance as the optimal assignment, the government would have to
reallocate 63% of the households assigned to low-type collectors to high-type collectors. Al-
ternatively, reallocating households to newly hired collectors of average ability would never
achieve compliance gains comparable to those from the optimal assignment, even if all low-
type collectors’ households were reallocated.

As a further benchmark, we compare the impact of the counterfactual optimal assignment
to the effect of performance-based financial incentives for tax collectors. Leveraging random
variation in collectors’ piece-rate wages during the 2018 tax campaign, we find that the gov-
ernment would have to increase collector compensation by 69% to increase tax compliance as
much as the optimal assignment. However, such a policy would actually reduce tax revenue
net of wages by 6%, due to the mechanical increase in the wage bill. The cost-ineffectiveness
of this policy underscores a crucial advantage of the optimal assignment policy: it would
increase state effectiveness while holding constant existing financial and human resources.

We contribute to three strands of literature. First, we provide some of the first estimates of
the importance of public-sector worker assignment in shaping state effectiveness. While past
work examines the importance of selection (Dal B6 et al., 2013; Callen et al., 2018; Hanna and
Wang, 2017; Xu, 2018; Ashraf et al., 2020; Dahis et al., 2021), incentives (Ashraf et al., 2014;
Khan et al., 2016, 2019; Rasul and Rogger, 2018; Bertrand et al., 2020; Bandiera et al., 2021),
monitoring (Duflo et al., 2012; Dal B¢ et al., 2020), and management practices (Rasul and
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Rogger, 2018; Bandiera et al., 2021), less attention has been paid to the assignment margin.’
Two closely related papers are Best et al. (2019) and Fenizia (2022), which exploit the rotation
of bureaucrats across sites to study the role of bureaucrat quality in explaining public sector

performance. '”

We build on these studies by exploring the optimal assignment of public
sector workers to teams and postings, leveraging the random assignment of tax collectors
and studying more objective performance measures (tax compliance and revenue) than are
typically available for bureaucrats.!! Finally, we advance this literature by complementing
our analysis of administrative data with rich survey data to explore the mechanisms explaining
the optimal assignment of collectors and to consider other policy-relevant response margins,
such as bribery, payments of other taxes, and citizens’ views of the tax authority.

Second, we contribute to the literature on optimal tax administration in developing coun-
tries. Given that low-income countries with weak states are characterized by imperfect tax
enforcement (Besley and Persson, 2013; Pomeranz, 2015), tax administration is a crucial di-
mension of their tax policy (Keen and Slemrod, 2017). Past work in developing countries
focuses on performance incentives for tax collectors (Khan et al., 2016, 2019), the type of
agent hired as tax collectors (Balan et al., 2022), and the use of large taxpayer offices to in-

crease the staff-to-taxpayer ratio (Basri et al., 2021).!2

We contribute to this literature by
examining whether governments can, holding other inputs constant, raise revenue simply by
improving the assignment of collectors to teammates and of teams to taxpayers. Importantly,
this optimal assignment policy aims at improving tax administration using available tax col-
lectors — i.e., without incurring additional costs — which makes it particularly attractive in
weak state settings.

Third, we contribute to the optimal matching literature. Recent applied work has stud-

9Khan et al. (2019) study the incentive effects of performance-based postings. By contrast we focus on the direct
effects of assignment on bureaucrat performance, which Khan et al. (2019) are unable to assess because they
cannot disentangle assignment effects (top collectors are assigned to larger tax jurisdictions) from mechanical
persistence (once a property is added to the tax roll, the owner pays taxes in subsequent years).

10Best et al. (2019) analyze the importance of bureaucrat quality in explaining public procurement prices in
Russia. Fenizia (2022) studies the productivity impacts of managers in the public sector in Italy.

" Eenizia (2022) includes a similar optimal assignment analysis with three key differences: (i) the focus is on
the assignment of managers rather than front-line bureaucrats; (if) it studies the uni-dimensional assignment of
managers to offices, while we study the bi-dimensional assignment of collectors to teammates and to house-
holds; and (@ii) the optimal assignment analysis assumes ex-ante that the production function is supermodular
in office and manager fixed effects, thereby potentially magnifying the extent of positive assortative matching.
By contrast, we estimate the production function non-parametrically, which allows us to potentially identify
both positive and negative assortative matching.

12Beyond tax administration, the literature on public finance in developing countries has primarily focused on
tax enforcement (Pomeranz, 2015; Carrillo et al., 2017; Naritomi, 2019), tax instruments (Best et al., 2015),
and tax rates (Basri et al., 2021; Bergeron et al., 2021; Brockmeyer et al., 2021).



ied the impact of optimally matching teachers to students (Graham et al., 2020a; Aucejo et
al., 2019; Bhattacharya, 2009), students to classmates (Carrell et al., 2013), and financial ad-
visers to clients (Bessone, 2020). While these papers consider uni-dimensional assignment
problems, we study the bi-dimensional problem of assigning collectors to teammates and
households. In our context, only considering one of the two dimensions would reduce the
impact of the optimal assignment by more than half. Moreover, this is (to our knowledge)
the first optimal matching paper to exploit the random assignment of workers to postings and
teammates.'> Perhaps the closest paper in this vein is Marx et al. (2021), which explores the
impact of ethnic diversity among NGO workers canvassing voters in Kenya and similarly uses
multiple dimensions of random assignment variation.!* Finally, we make a small method-
ological contribution by applying the median-unbiased estimators developed by Andrews et
al. (2021) to address possible “winner’s curse” upward bias that can arise in optimization

problems like those considered in this literature.

2 Setting

The DRC, one of the poorest countries in Africa, is a paradigmatic fragile state with one
of the lowest tax-GDP ratios in the world.!> Kananga, the capital of the province of Kasai
Central, has a population of nearly 1 million and an average monthly household income of
$106 (PPP$168). The tax revenue of the Provincial Government of Kasai Central, roughly
$0.30 per person per year in 2015, comes primarily from business licenses and fees, trade
and transport taxes, and property taxes. In keeping with international best practices for local
revenue mobilization, the provincial government has turned to the property tax to increase
tax revenue (Franzsen and McCluskey, 2017), conducting a series of citywide door-to-door
collection campaigns since 2016 (Weigel, 2020; Balan et al., 2022).

Although the provincial government is charged with maintaining local roads and infras-
tructure, public transportation, and trash collection — all of which should ostensibly be paid

for with property tax revenues — such services are woefully under-provided. Only the city’s

B(arrell et al. (2009) study peer effects using the random assignment of students to peer groups. Graham et al.
(2020a) use the random assignment of teachers to classrooms to study teacher-to-classroom assignment.

14The key differences with our paper include (i) their focus is ethnic diversity, while ours is optimal assignment
and its impacts (though we also examine matching by ethnicity or other sources of horizontal differentiation
in Section A6), (ii) they examine teams of NGO workers, while our interest is in assignment of public-sector
workers, and (iii) the larger number of teams we observe — 132 v. 30 — allows us to explore a broader range
of match types, potential mechanisms, and dynamic effects of assignment (Section 8.3). Despite these differ-
ences, the papers provide complementary evidence that effort — and specifically the number and duration of
visits — is a key mechanism explaining variation in field-based teams’ effectiveness.

15The DRC’s tax-GDP ratio ranks 188 out of 200 countries, including oil-rich countries (OECD, 2020).



main arteries are paved, and they are in severe disrepair or threatened by erosion. In sum,
Kananga closely resembles the kind of low-equilibrium trap noted by Besley and Persson

(2009), with low state capacity, low tax compliance, and low service provision.

2.1 The 2018 Property Tax Campaign

The experiment we study was embedded in the 2018 property tax campaign, implemented in
Kananga by the Provincial Government of Kasai Central. Before describing the experimental
design, we outline key details and procedures of the tax campaign.

Tax Collectors. State tax collectors were contractors hired specifically by the provincial
ministry to work on the 2018 property tax campaign.'® They were drawn from a pool of
aspiring bureaucrats who frequently perform contract work for different arms of the provincial
government.!” They did not receive a regular salary outside of the piece-rate compensation for
working as a tax collector (noted below). Collectors were on average 30 years old, 94% male,
and 70% of them had some university education. Their average household monthly income
prior to being hired to work on the tax collection campaign was $110. During the property
tax campaign none had full-time jobs in addition to their tax collector work, but 67% of them
had some other informal income-generating activities (e.g., leasing out a motorbike to a taxi
driver or various forms of petty commerce).

Tax collectors worked in teams of two (which we also refer to as collector pairs), a prac-
tice adopted by the provincial tax ministry for all types of tax collection for two reasons.
First, it provides a measure of security given that collectors handle state money in the field.
Second, it may reduce collusion between collectors and households because hiding illegal
transactions is potentially harder when another tax collector is present. Collection by teams
could then also inspire confidence among households that their taxes would reach the state
rather than collectors’ pockets. In many developing countries, working in teams is common
among frontline agents in the public and private sectors.!®

Campaign Stages. In each neighborhood, collectors had one month to complete two
tasks: property registration and tax collection (as summarized in Table Al). First, collector
teams mapped the neighborhood and constructed a property register. In the absence of an
up-to-date property valuation roll, this property register identified those liable for the prop-
erty tax in each neighborhood. When registering properties, collectors assigned a unique tax

ID to each property and issued official tax notices showing the tax liability and other infor-

16Tn some neighborhoods, which are excluded from this analysis, tax collection was conducted by the neighbor-
hood chiefs, as described in Balan et al. (2022).

17Such contract work typically consists of public administration tasks like tax collection or health campaigns.

18Gee, e.g., Burgess et al. (2010); Khan et al. (2016); Ashraf and Bandiera (2018).
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mation about the tax. Collectors assessed each property’s tax liability based on the principal
house’s construction, as described below, or whether it was exempt.!® Independent surveyors
equipped with GPS devices accompanied collectors during property registration, recording
properties’ locations, tax IDs, and other household characteristics. Collectors were also in-
structed to demand payment of the tax during the registration step, or make appointments for
future visits.

Second, after completing the property register, the collector team spent the rest of the
month making further in-person tax collection visits. They had printed copies of the register
containing each property owner’s name, tax ID, rate, and exemption status. When they visited
a property, they were instructed to record the date of the visit in chalk on the wall of the house.
Collectors used handheld receipt printers to issue receipts to taxpayers. The transaction-level
receipt data was recorded in the device’s memory and downloaded weekly to the govern-
ment’s tax database when they deposited tax revenue. Collectors were required to account for
discrepancies with the receipt data (rare in practice). The in-person nature of tax collection
left much to the discretion of the collectors: which properties to revisit, how many times, at
what time of the day, what persuasion tactics to use to convince property owners to pay, etc.
This high degree of discretion for frontline state agents in this and many developing countries
motivates our investigation into collector assignment as a source of state effectiveness.?’

Collector Compensation. Collectors earned piece-rate wages with two components.
First, they received 30 CF per property registered. Second, they earned compensation pro-
portional to the amount of tax they individually submitted to the state account.?! Individual
compensation diminished incentives for free-riding.?> Collectors were also reimbursed for
one round trip per day from the tax ministry to their assigned neighborhoods. Beyond mon-
etary compensation, collectors also had career incentives to work hard: after the previous
property tax campaign, the tax ministry hired the best performers for full-time positions.

Timing. The campaign began in May 2018 and ran through December. Collector teams

worked in two neighborhoods simultaneously, alternating between them during the assigned

19Exempt properties constitute 14.27% of total properties in Kananga. They include: (1) properties owned by
the state; (2) school, churches, and scientific/philanthropic institutions; (3) properties owned by widows, the
disabled, or individuals 55 years or older; and (4) properties with houses under construction.

2OField-based visits from tax collectors/inspectors are a cornerstone in tax authorities” enforcement arsenal in
many developing countries (e.g., Khan et al., 2016; Cogneau et al., 2020; Krause, 2020; Okunogbe, 2021).

2lperformance pay for tax staff is used in Pakistan, Brazil, and elsewhere (Khan et al., 2016). In Kanaga, the
compensation scheme varied randomly on the property level between (i) 30% of the amount of tax collected,
and (if) 750 CF per owner who paid the tax. We explore this variation in Section 8.

22Collectors rarely worked alone (unless their teammate was sick). They were instructed to alternate which
collector on the team took the payment and followed this norm closely according to the tax data.



month. They completed the property register in the first few days of the month and then
conducted tax collection visits for the remainder. The average neighborhood comprised 124
properties, and the collectors had ample time to return to properties in both neighborhoods
multiple times within the month-long period.

Tax Rates. The property tax in Kananga is a simplified instrument: a fixed fee due once
per year that is determined by the value band of a property. Houses made of non-durable
materials (e.g., mudbricks) constitute the low-value band with an annual tax liability of 3,000
CF ($2). In contrast, houses made of durable materials (bricks or concrete) constitute the
high-value band with a tax liability of 13,200 CF ($9). Although these rates may seem low,
they correspond to an average tax rate of roughly 0.32% of estimated property value,* not far
from the property tax rates in certain U.S. states, which range from 0.27% to 2.35%. Across
Kananga, 89% of the properties are classified in the low-value band and 11% are classified
in the high-value band.?* Simplified property tax schemes like the one used in Kananga are
common in developing countries, including India, Tanzania, Sierra Leone, Liberia, Malawi,
and elsewhere (Franzsen and McCluskey, 2017).

Enforcement. Properties that do not pay the property tax by the year’s end in theory
owe 250% of the original liability and face a possible court summons. Although sanctions are
rarely enforced among the residential property owners who comprise our sample, the majority
of citizens at baseline believed that the government would be “likely” or “very likely” to
sanction tax delinquents. The ability to shape citizens’ perceptions regarding the probability
of enforcement is thus a potential mechanism through which some collector teams may prove

more effective at collecting taxes than others, which we consider in Section 7.2.

3 Design

3.1 Tax Collector Assignment

To study the optimal assignment of tax collectors, we leverage the random assignment of
collectors to teammates and to neighborhoods by the provincial government during the 2018
property tax collection campaign. Every month of the six-month tax campaign, teams of two
tax collectors were randomly formed.” These teams were then randomly assigned to two
neighborhoods, where they would collect taxes for the month. The median assignment load

of collectors included 6 different teammates in 12 different neighborhoods spanning 1,200

23We estimate property value using machine learning as described in Bergeron et al. (2022).

24A separate group of high-value properties, classified as villas, were taxed according to a different schedule
and by different collectors and thus are excluded from our analysis.

2>Each month is an independent draw; i.e., across months the random sampling is with replacement.



properties.

Our analysis focuses on the 180 neighborhoods of Kananga in which a set of 34 state
tax collectors were randomly assigned to teams and then to neighborhoods.”® These 180
neighborhoods span two randomly selected sub-samples where the same state tax collectors
worked. In 78 neighborhoods (6,904 properties), which we call the analysis sample, the res-
ident city chief went through the property register with collectors and estimated each house-
hold’s economic ability to pay the property tax before tax collection.”’” We use the chiefs’
predictions to define household type (cf. Section 6.1). In the 102 remaining neighborhoods
(11,732 properties), which we call the holdout sample, we estimate collector types using a
fixed effects model (cf. Section 6.2). After defining household and collector types, we then
estimate the average tax compliance function and the optimal assignment in the analysis sam-
ple (cf. Section 6.3). This sample-splitting approach allows us to estimate collector types
and the average tax compliance function in different samples to minimize overfitting (i.e.,
estimating collector type and the average tax compliance function partly based on noise).

The provincial tax ministry has relied on the randomized assignment of tax collectors to
teammates and neighborhoods since it began large-scale property tax collection in 2016. The
government’s logic behind random assignment is twofold. First, as elsewhere, the provin-
cial tax authorities seek to evaluate the impact of policies seeking to raise revenue and have
embraced randomization to this end.?® Second, the tax authorities seek to prevent the de-
velopment of collusive bribe-paying arrangements between collectors and property owners
that could arise if the same collector teams worked in the same neighborhoods each year.?
By randomly reassigning collectors to teammates monthly and teams to neighborhoods, the
government sought to minimize such collusion.

Many tax authorities deliberately reshuffle collectors in a similar fashion to prevent collu-

26The tax campaign was active in the 364 neighborhoods of Kananga. We exclude 184 neighborhoods from the
analysis: (i) the 8 neighborhoods where the logistics pilot took place, (if) 111 neighborhoods where city chiefs
collected taxes (“Local" neighborhoods in Balan et al. (2022)), (iii) 50 neighborhoods where city chiefs and
a different group of state agents teamed up to collect taxes (“Central X Local” neighborhoods in Balan et al.
(2022)), (iv) 5 neighborhoods with no door-to-door collection (the pure control in Balan et al. (2022)). We
exclude these neighborhoods from our analysis because tax collectors were not randomly assigned to neigh-
borhoods or to teammates (i - iii) or no citizens paid taxes (iv). Additionally, we exclude 10 neighborhoods
where one of the tax collectors never worked with another teammate, preventing us from estimating these
collectors’ fixed-effects in Section 5.

2The neighborhoods assigned to this treatment arm are called “Central + Local Information” in Balan et al.
(2022) where the treatment arm — aimed at comparing city chiefs as tax collectors to state collectors provided
with local information — is described in further detail.

Z8For example, the tax authority compared state agents to city chiefs as property tax collectors during the 2018
property tax campaign (Balan et al., 2022).

29Khan et al. (2016) document that this form of collusion exists in property tax collection in Pakistan.
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sion. For instance, the random assignment of tax collectors to postings resembles the policy
of “removes” that was used in 18"-century England (Brewer, 1990) as well as settings like In-
dia (Bertrand et al., 2020), China (Chu et al., 2020), Haiti (Krause, 2020), Senegal (Cogneau
et al., 2020), and Malawi (Martin et al., 2021) today. Moreover, random assignment has the
advantage of being clearly defined, especially compared to opaque assignment mechanisms
observed in some contexts.> When we compare the optimal assignment and the status quo
assignment, the impacts we estimate are thus well-defined quantities that policymakers from

other contexts can easily interpret.

3.2 Balance

Table A2 summarizes a series of balance checks. Panel A considers property characteristics,
drawing on geographic data, midline survey data on house quality, and estimated property
values from Bergeron et al. (2022). Panel B considers property owner characteristics that were
collected at midline but are unlikely to have been affected by the assignment of tax collectors.
Panel C considers additional owner characteristics collected at baseline, including attitudes
about the government and tax ministry. Panel D considers neighborhood characteristics.
Overall, 2 of the 52 differences reported in Panels A—D of Table A2 are significant at the
5% level, and 6 are significant at the 10% level based on ¢-tests that do not adjust for multiple
comparisons.>! This is in line with what one would expect under random assignment. Table
A2 also reports tests of the omnibus null hypothesis that the treatment effects are all zero using
parametric F'-tests for bilateral comparisons. We fail to reject the omnibus null hypothesis for
property, property owner, and neighborhood characteristics. The results are reassuring that

the assignment of collector pairs was orthogonal to household characteristics.

4 Data

We use administrative data from property registration and tax collection as well as three

household surveys and one survey with tax collectors (Table Al).

4.1 Administrative Data

We have data from property registration on the set of potential taxpayers in each neighbor-

hood. Registration data, covering 19,600 properties in the neighborhoods of interest, include

30For instance, Khan et al. (2019) describe the process of assigning tax inspectors to regions of Pakistan as
opaque and political (until the government implemented an incentive-based posting mechanism).

31Roof quality and having electricity are significant at the 5% level. Distance to education institutions, hav-
ing a relative who works for the government, ethnic majority status, having electricity, trust in the national
government, and a neighborhood-level conflict indicator are significant at the 10% level.
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tax ID numbers, geographic coordinates, property owner names, property classifications (cf.
Section 2.1), exemption status, and tax rates.>> The handheld receipt printers used by tax col-
lectors during both stages of the campaign stored details of each transaction in their memory.
These data were integrated directly into the government’s tax database. The printers recorded
the collector’s name, a time stamp, neighborhood number, tax ID, property value band, tax
rate, and amount paid. By matching payment records to registration data using tax IDs, we
observe property tax compliance and revenues — our main outcomes — for all registered

properties included in this study.

4.2 Surveys

Household Surveys. Enumerators working for the research team administered baseline sur-

veys to 1,404 households from July to December in 2017.33

To obtain a representative sample,
enumerators visited every X th house, where X was determined by the estimated number of
houses in the neighborhood to yield 12 surveys per neighborhood. We primarily use this
survey to examine balance of collector assignments.

Enumerators then administered a midline survey at every compound in Kananga two to
four weeks after tax collection had finished in a neighborhood. The midline survey measured
characteristics of the property and property owner that we use also to examine balance of
the collectors’ assignment. It also measured secondary outcomes, such as the number of
visits from collectors, bribe payments, contributions to other taxes (formal and informal),
and respondents’ self-reported tax morale and enforcement beliefs. Enumerators attempted
to conduct this survey with the property owner for 16,346 properties. For 4,898 of these
properties, enumerators conducted the survey with a family member — when the owner was
unavailable — or simply recorded property characteristics — such as the quality of the walls,
roof, and fence — in the absence of an available respondent.>*

Collector Surveys. Enumerators administered a baseline and endline survey with col-

lectors before and after the tax campaign. Both surveys covered demographics, trust in the

3 There are 45,162 registered properties in Kananga. However, we exclude 184 neighborhoods where state tax
collectors do not work or are not randomly assigned (cf. Section 3). We also exclude exempt properties.
The number of registered properties (19,600) is higher than the total number of properties in the analysis and
holdout samples (18,636) mentioned in Section 4.1 due to missing estimates of household’s economic ability
to pay the property tax for 964 (12%) properties in the analysis sample.

33The baseline survey was conducted with 4,343 respondents. After excluding neighborhoods where state tax
collectors did not work or were not randomly assigned and exempt properties, we have 1,404 respondents.

34The midline survey was conducted with 36,130 respondents. After excluding neighborhoods where state tax
collectors did not work or were not randomly assigned and exempt properties, we have 16,346 midline surveys,
11,448 of which were conducted with the owner. Attrition between registration and the midline survey (16.6%)
is balanced across collectors (Table A2).
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government, perceived performance of the government, views of taxation, and preferences

for redistribution. Enumerators surveyed the 34 collectors considered in our analysis.

S5 Conceptual Framework

5.1 Household and Collector Types

We consider an economy with N, households and N, tax collectors. Each household & is
characterized by an observable type v;, € V and each collector ¢ by an observable type
a. € A, where A and V are finite ordered sets. In the context of tax collection, a household’s
type measures its likelihood of paying the property tax and a collector’s type aims to capture
her ability to collect taxes. Each household is assigned to a pair of collectors. Our main spec-
ification assumes that households are either low-type (/) or high-type (h) and tax collectors
are either low-type (L) or high-type (H), i.e., v = {l,h} and a = {L, H}.>> A match is a
triplet m = (cl, 2, h), indicating that tax collectors ¢1 and c¢o are assigned to collect taxes
from household h. The type of match m is a triplet (ay, ag, v;,) that indicates the type of the
two collectors and of the household. Since the collectors perform an identical task, their order

is arbitrary.

5.2 Optimal Assignment

The government’s problem involves picking an assignment function f, which is a probability
mass function indicating the distribution of each match type (a1, a2,v). The choice of the
assignment function f depends on the government’s objective and constraints.

Government Objective. We assume that the government chooses the assignment func-

tion f that maximizes expected tax compliance, which is given by:

Z Z f(ay,az,v)Y (a1, az,v) (1)

vEV aq,a9€A2

Y (a1, az,v) is the average tax compliance function, i.e., the average tax compliance among

v-type households assigned to a; — ap pairs of tax collectors:

Y (a1,a2,v) = E [yy(c1, c2)|ac1 = a1, ac2 = az, vy = v)] 2)

where yj, (c1, ¢2) is the potential tax compliance of household & when assigned to the collector

35Unsupervised machine learning methods find that two collector clusters is optimal in this context (cf. Section
A3), though we also relax this assumption in Section 8.2.
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pair (c1, c2).

Government Constraints. We assume that the government faces two constraints when
choosing f: a non-overlapping assignment constraint and a workload constraint.

The non-overlapping assignment constraint requires that the number of v-type households
to which collector teams are assigned under f equals the total number of v-type households.
In other words, this constraint requires the government to assign one and only one collector

team to each household. The non-overlapping assignment constraint can be written as:

Y. Nuf(ar,az,0) = N, 3)

al,a2 cA2

with Vj, the total number of households and N, the total number of v-type households.

The workload constraint requires that under the assignment function f, each type of col-
lector is assigned to the same number of households as under the status quo assignment func-
tion f°9. In other words, this constraint requires that the workload of each collector type be
kept the same as in the status quo assignment. The workload constraint can thus be written

as:

Y NP (a,0) = NG (a) )

veV

where N}Lsgmt(a, v) is the number of v-type households assigned to a-type collectors under
assignment function f, and N]‘};%mt(a) is the total number of households assigned to a-type
collectors under the status quo assignment function f5¢ 3

Optimal Assignment Problem. The optimal assignment problem thus involves find-
ing the assignment function f* that maximizes expected tax compliance while keeping the
marginal distributions in collector and household type the same as under the status quo as-

signment. Using the notation above, the optimal assignment problem can be defined as:

36N?ngt(a,v) = 2 x f(a,a,v) X Np + g4 (f(a,d’,v)+ f(d’,a,v)) x Nj, and N?ngt(a) =

Y N;ngt(a,v). For (a,a,v) matches, two a-type collectors are assigned to a v-type household. The

number of households assigned to an a-type collector is thus 2 x f(a,a,v) x Ny,. For (a,a’,v) or (d’,a,v)
matches, one a-type collector is assigned to a v-type household. The number of households assigned to an
a-type collector is thus Yo/ 4, (f(a,a’,v) + f(d’,a,v)) x Ny.
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Problem 1. Optimal Assignment

ff=argmax ) Y f(ar,a2,v)Y (a1,az,v) (1) & (2)
f vEV a1,a9€ A2
2 Ny f(ai,a2,v) = N, Yo eV 3)
a1,a9E€A?
Z N;fsgmt(a, v) = N}l;%mt(a) Va € A 4)
veV

We discuss its uniqueness and asymptotic properties in Sections A2.1 and A2.2.

5.3 Effect of the Optimal Assignment

After identifying the optimal assignment, we can estimate its effect on tax compliance by
computing the Average Reallocation Effect (ARE, Graham et al. (2014)), i.e., the difference

in average tax compliance between the optimal and the status quo assignment:

ARE = Z Z [f*(cu,cm,v) —fSQ(al,az,v)] Y (ay,az,v) (35)

veV a1,a9€ A2

In our setting, the status quo assignment consists of randomly assigning collectors to
teammates and collector pairs to neighborhoods. We can therefore write the status quo as-
signment function as 99 (a1, az,v) = fc‘?Q(al) C}gQ(ag)fvSQ(v), with f,(a) and f,(v) the

marginal distribution of a-type collectors and v-type households, respectively.3”-38

6 Estimation

6.1 Household Type

To characterize the optimal assignment function and estimate its effect on tax compliance,
we first need to define household and collector types. By household type, we mean its pre-

treatment propensity to pay the property tax.>* We estimate household type using information

37The marginal distribution of a-type collectors is given by f,(a) = N}Lsgmt(a)/ N9t and corresponds
to the share of total collector assignments assigned to a-type collectors. The marginal distribution of v-type
households is given by f,,(v) = Np,(v)/ Ny, and corresponds to the share of v-type households.

38For our main specification, the household type is characterized by f{}9 Q(l) ~ 1/3 and f{,q Q(h) ~ 2/3
(cf. Section 6.1), the collector type by fo(H) = &SQ(L) = 1/2 (cf. Section 6.2), and the status quo
assignment by fSQ(H, H,1) = fSQ(L,L,1) = fSQ(L, H,1) = fSQH, L,1) = 1f79(1) ~ 1/12 and
fSQ(Hvth) - fSQ(L7L7h) = fSQ(L’th) - fSQ(Hvah) = i EQ(h) ~1/6.

39Unfortunately, we cannot use prior tax compliance because properties’ unique tax ID numbers were reassigned
during the registration phase of the 2018 property tax campaign (cf. Section 3).
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provided by local city chiefs. As described in Section 3, in 78 neighborhoods of Kananga (the
analysis sample), the local chief reported each property owner’s ability to pay the property tax
before tax collection began. During consultations with state collectors, chiefs went line by
line through the neighborhood property roll, guided by the owners’ names as well as photos
of each compound. They reported whether each property owner was “unlikely,” “likely,” or
“very likely” to have the economic ability to pay the property tax. As shown in Figure Al
and explored in more detail in Balan et al. (2022), chiefs’ estimates were highly predictive of
property tax payment, even controlling for household characteristics.

To maximize power, we primarily consider two household types: low types (v = [) are
those deemed “unlikely” to be able to pay the property tax according to the chief, and high
types (v = h) are those deemed “likely” or “very likely” to be able to pay.*® According to this
definition, about 2/3 of households are high-type and about 1/3 are low-type. Since we use
chiefs’ estimates to define household type, our characterization of the optimal assignment re-
lies on the 78 neighborhoods in the analysis sample. Neighborhoods were randomly assigned
to one of the two samples, and the 78 neighborhoods in the analysis sample are therefore iden-
tical to the 102 neighborhoods in the holdout sample where the same state collectors worked
but consultations with the chief did not take place (Balan et al., 2022).

Although the chief predictions are the best available predictor of tax compliance,*! defin-
ing household types using observable house and property owner characteristics might be
preferable for some governments.*> We thus alternatively define household type using such

characteristics, and our main results remain robust (Section 8.2).

6.2 Collector Type

As is often true when seeking to assess worker value-added (Chetty et al., 2014), we have no
informative pre-treatment measure of collector ability. We therefore estimate collector type
in the 102 neighborhoods (covering 11,732 properties) of the holdout sample. This sample-
splitting approach allows us to avoid estimating collector type and the average tax compliance
function in the same sample, which could lead to overfitting and might mechanically generate
complementarity in collector types (Mullainathan and Spiess, 2017).

In our main estimation approach,*> we define collector ¢’s ability as the average tax com-

40This is the most natural definition with two household types since the gap in tax compliance is larger between
owners deemed “unlikely” and “likely” to pay than “likely” and “very likely” to pay (Figure Al).

4ndeed, the correlation between tax compliance and household type is higher when household type is based
on chiefs’ estimates (0.102) than when it is based on house characteristics from surveys (0.051).

42For instance, in other settings, chief jurisdictions might be too large to have useful information, or they might
have a more competitive relationship with the formal state, making them reluctant to share their information.

4We also explore alternative approaches in Section 8.2, including partitioning collectors into more than two
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pliance achieved across all randomly assigned neighborhoods in the holdout sample, i.e.,

E [Y(c1,c2,vp)|c1 = ¢|. We estimate a fixed-effects model using OLS:
Yhnt = Y @eljcec(n)] T At + Ehnt (6)
C

where yp,,,; 1s an indicator for household % in neighborhood n paying the property tax during
tax campaign month ¢. C'(n) is the vector of collectors assigned to work in neighborhood
n, and Ij.cc(,)) s an indicator for whether tax collector ¢ was assigned to collect taxes in
neighborhood n. We include tax campaign month fixed effects \; because these were the ran-

domization strata used during assignment.**

We cluster standard errors at the neighborhood
level (the level of assignment).

The coefficient of interest is av, the vector of collector fixed effects.*® The OLS estimator
of « is unbiased but noisy since tax collectors worked with at most 6 teammates and in 12
neighborhoods during the 2018 property tax campaign. We improve the precision of our
estimates by shrinking them to the overall mean based on the ratio of signal variance to total
variance (Morris, 1983; Kane and Staiger, 2008). We denote A&FB the vector of Empirical
Bayes estimates of collector fixed effects.*® We report @95 and 4 for the 34 collectors
in Figure A2 (Panel A).

To motivate our investigation into collector assignments, we illustrate the importance of
collectors in shaping tax compliance behavior. According to the 427 estimates, tax collectors
explain 21% of the variance in tax compliance across neighborhoods.*’ By comparison,
Best et al. (2019) find that bureaucrats who manage procurement processes in Russia explain
24% of the variation in quality-adjusted prices, and Fenizia (2022) finds that public-sector

managers in Italy explain 9% of the total variation in the efficiency of filing insurance claims.

groups and estimating a nonlinear model following Bonhomme (2021).

#To identify E [Y,(c1,c2,vp)lc1 =c|, we subtract the average tax compliance across collectors,
E [Y},(c1, c2, vp)], when including month fixed effects.

“Without time fixed effects, random assignment of collectors to teammates and to neighborhoods implies that
ac = E[Yy(c1,c2,vp)|c1 = ¢] in large samples. Because we include month fixed effects, «. identifies a
weighted average of collector ¢’s enforcement ability in different months of the tax campaign (Abadie and
Cattaneo, 2018). For simplicity, we assume that collectors’ enforcement abilities are fixed over time, but note
that we are still identifying a meaningful measure of collector ability if this assumption were violated.

46Relying on aEB vs. aOLS s unlikely to have large effects on the results because we shrink to the overall
mean, and the distribution of A&OLS has little skewness (Figure A2, Panel B). Indeed, 32 of the 34 collectors
have the same type when defined based on &5 vs. based on a9LS for two types of collector.

4TWe compute Var(28E8)/Var(Y,), where Var(26F8) is the sample variance of the Empirical Bayes
estimates across collector pairs and Var(Y ) is the sample variance in average tax compliance across neigh-
borhoods. Following Bonhomme (2021) and estimating a non-linear model in collector type also fi