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1 Introduction 

Optimally allocating limited tax agency resources is crucial for tax administration, but 

obtaining credibly identified estimates of the effects of enforcement policies to inform this 

resource allocation is fraught with difficulty. Tax agency resources are generally targeted 

toward cases that the tax agency believes are likely to generate revenue, either immediately 

due to collections or eventually via expanding perceived (and actual) deterrence of future 

noncompliance. Because of the targeting of resources, there is a problematic selection bias: 

the targeted taxpayers are different on important dimensions, and so their future behavior 

is arguably different from a control group of untargeted taxpayers even absent any policy 

intervention. 

In recent years, statistical methodologies designed to overcome such problems have been 

applied to tax enforcement. The most prominent example is the partnership of governments 

and academic researchers to implement randomized controlled trials of enforcement policies, 

in which an untreated group of taxpayers is, on average, identical to the treated group, thus 

comprising a natural control group that allows unbiased estimation of treatment effects. This 

burgeoning literature is surveyed in Slemrod (2019). 

Another modern technique that holds promise to understand the causal effect of tax 

enforcement initiatives is what is known as the “judges model” or “examiner assignment 

design.” The idea is that individuals assigned to adjudicate cases vary in their inherent 

tendency for leniency. If cases are assigned randomly to examiners, then there is random 

variation in how leniently the cases are handled. While this variation will not (and should 

not) impact the final result in most cases, it could change the outcome for marginal cases. In 

other words, cases where a “yes” or “no” decision is on the margin could be decided by the 

assigned examiner’s inherent tendency toward leniency. If one has a measure of this inherent 

tendency, it can be used to identify the local average treatment effect of the enforcement 

action. This research design, which utilizes operational rather than randomized experimental 

data, has been used to estimate local average treatment effects for a wide variety of policy 
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interventions, including receipt of Social Security Disability Insurance (Maestas et al. 2013), 

bankruptcy protection (Dobbie and Song 2015; Dobbie et al. 2017), incarceration (Kling 

2006; Loeffler 2013; Mueller-Smith 2015), pre-trial detention (Dobbie et al. 2018), and 

eviction (Humphries et al. 2019). 

Whether this research design can provide credible causal estimates in settings such as 

tax enforcement rests critically on whether the examiners are in fact randomly assigned (as 

in Mueller-Smith (2015)), or at least randomly assigned conditional on observed variables. 

To shed light on this question, we apply the examiner assignment design to one important 

example of IRS intervention in tax debt cases: whether Revenue Officers designate cases as 

Currently Not Collectible (henceforth CNC). When working on a case of outstanding tax 

debt, if a Revenue Officer determines that the taxpayers income and assets are insufficient 

to meet basic living expenses, the IRS can pause collection efforts by designating the debt 

CNC. Whether to designate a given case CNC is a decision that rests with the judgment of 

the assigned Revenue Officer. 

In this paper, we apply the examiner assignment design to learn about the effects on 

future taxpayer behavior of having their debt designated CNC. We use variation in Revenue 

Officers’ propensities to designate similar cases CNC to study how suspending collection 

affects taxpayer behavior. Our approach is a version of the examiner assignment design 

developed in Doyle (2007) and Doyle (2008), which used quasi-random appointment of child 

protection investigators to cases in order identify the causal effects of foster care placement. 

We gauge a Revenue Officer’s propensity to designate a case CNC using a residualized 

“leave-one-out” measure based on the proportion of their other cases the Revenue Officer 

has determined to be CNC, adjusted for any observable characteristics of the case that could 

alter whether a CNC designation is appropriate. This measure functions as an instrument 

for whether or not a case was actually deemed CNC, as it does not in any way depend on 

that case’s characteristics. In other words, we compare cases where Revenue Officers who 

differ in their inherent leniency might disagree on whether the taxpayers hardship warranted 
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the CNC designation. 

After we construct our instrument, we ask the question: What is the impact on tax-

payers of having their debt designated as CNC? How does it affect their future reported 

income, tax remittances, and tax return filing? Because debt collection is suspended primar-

ily because of economic hardship, it is difficult to separate the effects of suspending collection 

efforts from the consequences of the economic hardship that might qualify a taxpayers case 

for suspension. This sample selection problem means that ours is a natural setting for using 

an examiner assignment research design if, but only if, the assignment of Revenue Officers 

to cases is sufficiently random for this design to be applied fruitfully. 

At face value, it seems an examiner assignment design should work well in our setting. 

On paper, Revenue Officers are randomly assigned to cases. However, our conversations 

with case managers and Revenue Officers suggests that there are factors that influence case 

assignment, including the difficulty of the case and where the taxpayer is located. While we 

are able to control for most of the factors in case assignment that systematically affect case 

assignment (in theory leaving us with the random component to construct our instrument), 

tests of conditional random assignment suggest that our instrument does not remove all 

of the bias in näıve OLS estimates that ignore the inherent selection problem. The leave-

one-out instrument based on the overall decision-making tendency of Revenue Officers is 

correlated with some pre-treatment covariates, conditional on observable factors that might 

influence case assignment, suggesting that the exclusion restriction may be violated. The 

imbalance is small in absolute terms, but even a small imbalance is cause for concern when 

interpreting the results of an instrumental variables approach. 

We also pursue an instrumented difference-in-differences approach. This approach 

allows us to control for unobservable differences between the treatment and control groups 

that do not change over time, and for any time-invariant bias in our instrumental variables 

approach. We do not observe trends in the instrumented difference-in-difference estimates 

in periods before treatment for most outcomes, suggesting that these estimates may provide 
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causal evidence of the effect of suspending collection efforts due to hardship on taxpayer 

compliance and income. However, our point estimates from this exercise are underpowered 

and largely insignificant, with confidence intervals that often include the näıve OLS estimate. 

These two research designs lead us to conclude that suspending collection due to hard-

ship causes taxpayers to report larger W-2 earnings in future years, which is driven by an 

increase in W-2 earnings by the spouse of the taxpayer with whom the case is associated. 

This result contrasts with estimates that ignore the sample selection issue, in which being 

designated CNC is associated with declines in W-2 earnings and tax filing behavior. 

Overall, the examiner assignment design casts doubt on the impact that would be es-

timated from a model that ignores the sample selection problem often inherent in analyzing 

data regarding operational IRS enforcement, but does not generate tight point estimates 

of the true causal impacts. Perhaps most concerning is the correlation between the overall 

decision-making tendency of Revenue Officers and some pre-treatment covariates, a correla-

tion that survives holding constant observable measures of factors that might affect Revenue 

Officer assignment to cases. Such correlation implies that the examiner assignment design 

generates estimates of the impact that retain some bias. Thus, in the CNC setting, Revenue 

Officers are not enough like judges who are randomly assigned cases by a computer for the 

examiner assignment model to generate reliably unbiased estimates. Further research is re-

quired to sharpen the conclusions that can be drawn from quasi-random, but not literally 

random, assignment of IRS personnel to tax cases. 

2 The collections process 

2.1 Tax debt 

Each year, millions of U.S. taxpayers do not fully remit the taxes they owe, resulting in 

billions of dollars of uncollected tax debt. Attempts to collect this debt loom large in 

taxpayers’ lives. If collecting debts from taxpayers whose economic resources are insufficient 
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to meet basic living expenses reduces their incentive to work or invest, postponing collection 

could induce higher future collections. 

On the other hand, collecting tax debts deters tax evasion by increasing the effective 

penalties for failing to report taxes. Taking into account whether tax debts are collected 

adds nuance to the classic Allingham and Sandmo (1972) model of tax evasion. While the 

original model assumes all debts are collected, this is not true in practice. If not all debts 

are collected, then changes in the collection rate affect both the expected present value of 

the tax remitted per dollar of reported income, and of the penalties remitted per dollar 

of unreported income discovered in an audit. Taxpayers choose both how much income to 

report and how much tax to remit (and when), given penalties both for underreporting and 

underpayment. 

There is little evidence about the consequences of collection attempts writ large, includ-

ing on how pursuing or forgoing collection affects taxpayers’ future compliance and income. 

One exception is Miller et al. (2014), who find that, conditional on a later suspension of 

collection, assigning a case to an IRS field collection agent (“Revenue Officer”) earlier in 

the collections process is associated with larger amounts collected. Other work on tax debt 

collection finds that letters highlighting financial penalties (Cranor et al. (2020)) or potential 

social stigma (Perez-Truglia and Troiano (2018)) modestly increase payments. Miller and 

Nikaj (2016) find that selling property tax liens to investors prompts higher payments, but 

less so in times of economic distress. 

In this paper, we exploit an institutional feature of the debt collection process to 

provide evidence of the causal effects of tax collection on taxpayers’ subsequent behavior. 

To provide causal evidence, we leverage the fact that the Internal Revenue Service (IRS) 

pauses collection when it determines that a taxpayer’s income and assets are insufficient 

to meet basic living expenses, and designates their debt currently not collectible (CNC). 

The extent to which the IRS should grant such hardship designations is an open policy 

question; for example, the National Taxpayer Advocate listed among 2018’s most serious tax 
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administration problems the IRS’s policy to not proactively provide hardship relief without 

taxpayer contact. 

Because debt collection is suspended primarily on the basis of economic hardship, it 

is difficult to separate the effects of suspending collection efforts from the consequences of 

the economic hardship that qualifies a taxpayer’s case for suspension. We use variation in 

IRS Revenue Officers’ propensities to designate similar cases CNC to study how suspending 

collection affects taxpayer behavior. To our knowledge, this is the first time an examiner 

assignment design has been applied to study the causal impact of a tax enforcement policy. 

We analyze de-identified administrative data linking over 123,000 tax debt cases to 

information about taxpayers’ incomes, tax return filings, and contemporaneous information 

about the Revenue Officers who worked each case. We track three outcomes: payments on 

outstanding tax debt, future tax return filing, and W-2 earnings. We estimate local average 

treatment effects of tax collection suspensions due to hardship stemming from variation in 

Revenue Officer assignment. In other words, we compare cases where Revenue Officers who 

differ in their inherent leniency might disagree on whether the taxpayer’s hardship warranted 

the CNC designation. 

2.2 Delinquency designation 

The IRS sends taxpayers who fail to file or to remit their known tax liability a bill notifying 

the taxpayer of their outstanding debt.1 These notices are the beginning of the collection 

process.2 Many taxpayers contact the IRS after receiving a notice in order to pay off some 

or all of the debt, to dispute it, or to explain that they are unable to pay. The IRS may 

negotiate an installment agreement or extend the due date for a taxpayer, depending on the 

taxpayer’s circumstances. A small fraction of taxpayers settle their outstanding tax debt for 

less than the amount they owe through the Offer in Compromise (OIC) program or through 

1Third-party information reports provide information on the income of taxpayers who fail to file. 
2This process is outlined at https://www.irs.gov/newsroom/the-collection-process and in Appendix A. 
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“partial pay” installment agreements.3 

When taxpayers do not respond to the initial (or subsequent) notices, their accounts 

are considered delinquent. At the end of Fiscal Year (FY) 2017,4 there were approximately 

14 million delinquent accounts with a total of over $131 billion owed in taxes, penalties, and 

interest (Internal Revenue Service (2017), Table 16). Delinquent accounts may be handled 

either by a call site (via the Automated Collection System (ACS)) or by a field office. In the 

first case, ACS personnel will try to contact the taxpayer by correspondence and by phone to 

negotiate a payment solution.5 In the second case, a Revenue Officer from a local collection 

field office will work with the taxpayer to try to resolve the outstanding debt. Accounts that 

are assigned to ACS may ultimately be transferred to a field office if its attempts to resolve 

the debt are unsuccessful. 

2.3 Revenue Officer assignment 

Our understanding of the process by which cases are assigned to Revenue Officers is based 

on the Internal Revenue Manual (IRM), which specifies IRS administrative procedures, as 

well as discussions with two group managers and a former Revenue Officer. These conversa-

tions highlighted that many factors play a role in case assignment, including some based on 

professional judgment, although the Internal Revenue Manual (1.4.50.10 9) explicitly states 

that “[p]rofessional judgment should play a limited role in case selection.” 

The process proceeds as follows. A delinquent case is assigned to the local collection 

field office geographically closest to the taxpayer. The group manager of the office then 

assigns the case to a Revenue Officer. The first factor in case assignment is the grade of the 

3In 2017, taxpayers made about 62,000 Offers in Compromise, of which the IRS accepted only 25,000 
(Internal Revenue Service (2017), Table 16). These 62,000 offers are less than one half of one percent of all 
delinquent cases at the beginning of 2017. One condition of the IRS accepting less than the outstanding tax 
liability is that the taxpayer must remain compliant. “Partial pay” installment agreements occur when the 
taxpayer reaches an installment agreement with the IRS where the 10-year statute of limitations will run 
out on some of the debt before the taxpayer remits it. After the statute of limitations expires, the taxpayer 
is no longer responsible for the debt. 

4The fiscal year for the IRS is the same as the United States federal government: Oct. 1 - Sept. 30. 
5The IRS does not contact taxpayers by phone without first attempting to contact them by mail. See 

https://www.irs.gov/newsroom/phony-irs-calls-increase-during-filing-season. 
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case (9, 11, 12, or 13), which reflects the expected difficulty of closing the case. The case’s 

priority is another factor in case assignment. Group managers are required to assign high 

priority cases before lower priority cases. High priority cases include those with particularly 

high balances, or where the statute of limitations for the debt is about to run out. Revenue 

Officers are more likely to receive new cases in zip codes where they already have active 

cases.6 The group manager also has access to other aspects of the case that may impact 

assignment. These include the taxpayer’s history of interacting with the IRS and factors 

influencing how likely the individual will be able to remit the debt (e.g., older taxpayers 

have fewer working years ahead of them and therefore may have lower potential earnings). 

Case assignment also depends on the General Schedule (GS) grade of the Revenue 

Officer and the current inventory of the Revenue Officer.7 Generally speaking, grade 09 

cases are assigned to GS grade 09 Revenue Officers, grade 11 cases are assigned to GS grade 

11 Revenue Officers, and so on. Revenue Officers with fewer workload-adjusted cases in their 

current inventories are more likely to receive new cases. Average caseload varies with GS 

grade. GS grade 09 Revenue Officers have an average case inventory of 72 cases. For GS 

grade 11 Revenue Officers, the average inventory is 61 cases. GS grade 12 and 13 Revenue 

Officers have average caseloads of 39 and 37 cases, respectively. 

Once a case is assigned to a Revenue Officer, the Revenue Officer contacts the tax-

payer, conducts research to ascertain the taxpayer’s ability to make payments toward their 

outstanding debt, and takes steps to close the case.8 Depending on IRS guidelines and the 

Revenue Officer’s judgment, possible steps range from seizures, liens, and levies to full pay-

ments, agreements in which the taxpayer will repay the debt in installments, and designating 

the case CNC, which suspends collection efforts. More than two-thirds of cases close through 

6Instances when professional judgment is appropriate in case selection include efficiently allocating the 
resources of the Service (e.g., geographically clustering cases to minimize Revenue Officer driving time) and 
addressing “the developmental needs of the Revenue Officer” (i.e., making sure the officer is exposed to a 
variety of case types to develop expertise in order to meet standards for promotion). 

7The General Schedule (GS) Pay Scale is a wage schedule for federal employees. Revenue Officers may 
have a GS grade of 05, 07, 09, 11, 12, or 13. Grades 05 and 07 are related to training. Starting in 2017, the 
IRS discontinued use of the GS 09 grade for Revenue Officers. 

8A case is closed when when a Revenue Officer is no long actively working the case. 
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full payment, an installment agreement, or a CNC designation, as Table 1 shows. Cases may 

be deemed CNC for a variety of reasons, including hardship and inability to locate the tax-

payer. In some cases, a taxpayer may pay off some portion of their debt and the remaining 

debt may be deemed CNC, for example, due to hardship. 

Table 1: Distribution of how cases were closed 

Description Number of cases Percent of cases 
Installment agreement 49,041 34.1% 
CNC 43,783 30.5% 
Other 40,396 28.1% 
Full pay 10,443 7.3% 
Total 123,396 100.0% 

Notes: Includes all cases that meet our sample restriction criteria (dis-
cussed in Section 3) between November 2014 and December 2018. 
Other ways a case might be closed include Offers in Compromise, 
abatement, payment tracer (which resolves situations of missing and 
misapplied payment issues), and being flagged for handling outside of 
the usual system and procedures. 

2.4 Currently Not Collectible (CNC) 

The vast majority of CNC cases for individual taxpayers are either “hardship” (49%) or 

“unable to locate” (39%).9 Per the Internal Revenue Manual, “[a] hardship exists if a 

taxpayer is unable to pay reasonable basic living expenses” (IRM 5.16.1.2.9(1)). Outstanding 

tax liability that is designated CNC is still legally owed to the United States government.10 

When a taxpayer’s debt is deemed CNC, the IRS sends the taxpayer a letter notifying 

them of the change in status and reminding them that the taxpayer must remit future tax 

liability. Changes in the taxpayer’s circumstances may cause the IRS to re-evaluate whether 

a CNC designation is appropriate.11 For example, when taxpayers with unpaid tax that 

9Most of the remaining 12% of CNC cases are due to the taxpayer being deceased. 
10The statute of limitations on unremitted debt is ten years, after which the IRS may no longer pursue 

the debt. 
11Receipt of future returns from the taxpayer automatically initiates a review to see whether the taxpayer’s 

circumstances have changed (e.g., a change in address, income, a new levy source). If there has been a change, 
the case can be re-activated and the CNC status may be revoked. When this happens, the case will either 
be sent back to ACS or directly to a group manager’s queue. The taxpayer is not directly informed that 
their case has been re-activated, but the taxpayer may receive, e.g., a letter from ACS or a notice of a levy, 
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is designated CNC file returns, the designation may be rescinded if the taxpayer’s income 

becomes sufficiently large. Interest and penalties continue to accrue on the outstanding 

balance while collection efforts are suspended. If the taxpayer is owed a refund on a future 

tax return, the IRS will retain the refund to offset the tax debt in CNC status. Even if a 

taxpayer has outstanding tax debt in CNC status, new unpaid tax undergoes the notification 

process described in Section 2.2. 

A priori reasoning does not lead to clear predictions about the direction of changes 

in tax reporting and compliance behavior by those whose debt is designated CNC. A CNC 

designation suspends efforts to collect some or all outstanding tax debt, such as attempts to 

garnish wages and assets, and thereby reduces the incentive for the taxpayer to voluntarily 

repay outstanding debt. In addition, a CNC designation signals that the IRS can be lenient, 

and might lead the taxpayer to conclude that future noncompliance will also be met with 

leniency. This reduction in the expected costs of noncompliance has a negative effect on 

compliance. In contrast, maintaining a CNC designation requires that a taxpayer comply 

with the requirements to file tax returns and remit tax payments for new tax years’ liabil-

ity. Failure to comply with these requirements leads to the resumption of active collection, 

resulting in a positive effect on future compliance from a CNC designation. 

The effect of a CNC designation on the incentive to earn income is also theoretically 

unclear. Having some or all tax debt designated CNC provides a nonnegative wealth effect 

(i.e., it is “good news” from the taxpayer’s perspective). A permanent CNC designation 

would reduce the taxpayer’s expected tax rate, because future earnings and assets will not 

be garnished to meet the tax debt. However, a CNC designation is not permanent (unless 

the 10-year statute of limitations is reached), and the IRS retains the right, if the taxpayer’s 

financial situation improves sufficiently, to put the debt back in active collection status. Thus, 

a taxpayer may perceive that his or her marginal tax rate is reduced by the CNC designation 

for future incomes up to some unknown level that triggers the CNC status revocation, above 

which would indicate that the IRS has resumed pursuit of the outstanding balance. 
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which the marginal tax rate absent the CNC designation is restored. The combination of a 

negative effect on future earnings from the wealth effect and a generally positive substitution 

effect means that the net effect on earnings is of indeterminate sign. 

Consequently, both the magnitude and the sign of the impact of a CNC designation on 

future behavior can only be determined via empirical analysis. We turn next to this task. 

3 Data and sample frame 

To assess the effects of decisions made during the collection process, we combine infor-

mation from the collection case management system with caseload information about Rev-

enue Officers and administrative taxpayer information, including a history of filing status 

(i.e., whether or not the taxpayer filed a return), monthly data on unpaid tax liability, and 

information from individual tax returns. Data on Revenue Officers include their GS grades, 

inventory levels at the end of each month, and their decisions in past collection cases. We 

supplement the taxpayer data with information about local allowable living expenses and 

whether they live in an urban or rural area.12 

We focus on individual taxpayer cases and therefore exclude business entities other than 

sole proprietorships. We begin with about 283,000 individual taxpayer cases. Approximately 

123,000 taxpayers remain after excluding cases where we suspect case assignment may not 

have been random,13 cases designated CNC because the Revenue Officer was unable to locate 

the taxpayer, and cases worked by Revenue Officers who handled fewer than 20 cases between 

November 2014 and December 2018.14 We perform this final exclusion to ensure that we 

observe sufficient decisions made by each Revenue Officer to obtain a reliable estimate of 

their tendency to designate a case CNC, what we call their “leniency.” Figure 1 shows the 

12Appendix B explains the construction of these variables and the outcome variables in detail. 
13We discuss situations when case assignment may not be random in Section 3.1. 
14The mean (standard deviation) fraction of cases designated CNC is 0.24 (0.24) among Revenue Officers 

who worked fewer than 20 that meet our selection criteria, and 0.30 (0.12) among Revenue Officers who 
worked at least 20 cases that meet our selection criteria. As a robustness check, we repeat our analysis using 
alternative cut-offs of 10 cases and 30 cases, and the results are qualitatively unchanged. Appendix C shows 
the IV results for cut-offs of 10, 20, and 30 cases. 
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distribution of the number of cases closed by a Revenue Officer between November 2014 

and December 2018. Out of 4,808 Revenue Officers included, 2,345 (49%) meet our sample 

restriction criteria. 

Figure 1: Distribution of number of cases closed per Revenue Officer over the sample period 
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Notes: 4, 808. Includes all Revenue Officers that meet our sample 
restriction criteria between November 2014 and December 2018. 

3.1 Field data 

To assemble our sample for analysis, we begin with the universe of cases with an assessed 

balance due assigned to a field collection Revenue Officer between November 2014 and De-

cember 2018. The data include the numeric ID of the Revenue Officer who worked each 

case, the date the case was assigned to field, the date the case was assigned to the Revenue 

Officer, and the date the case was closed. We drop cases where it appears that the Revenue 

Officer reported working zero hours on that case, cases that were not closed, cases where 

the taxpayer lives outside of the United States or on a military base, and cases flagged as 

handled outside the usual system and procedures. Because we are ultimately interested in 

the impact of a CNC designation on future outcomes, we drop cases designated CNC because 

the Revenue Officer was unable to locate the taxpayer. 
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In addition, we exclude certain categories of cases in which the Revenue Officer’s man-

ager might exercise deliberate discretion in the assignment process. These categories were 

identified based on interviews about the case assignment process with field collection group 

managers and an individual who worked for several years as a Revenue Officer. Cases where 

the statute of limitations is close to expiration are dropped,15 as these cases may be assigned 

to a Revenue Officer who works quickly. We use only the first time we observe a case being 

assigned within a given group, which eliminates cases where there is already an existing case 

involving the same taxpayer. As a result, individuals only appear once in our final sample. 

New cases in a group manager’s queue that involve the relevant taxpayer in an ongoing 

case are usually assigned to the Revenue Officer working the existing case. This also removes 

cases that have been returned to the group’s queue. The group manager is better able to 

anticipate the type of work the case will require when cases return to the group’s queue, 

particularly if the case is an installment agreement default or a review of a previous CNC 

decision, which may influence the assignment decision.16 Finally, we exclude cases that are 

reassigned to a different Revenue Officer within the group (or in a different group), as reas-

signment may reflect unobserved characteristics of the case. In contrast, the group manager 

assigns cases that the group has not seen before on the basis of limited information about 

the case and the group’s Revenue Officers that is observable in administrative databases. 

3.2 Revenue Officer data 

The Revenue Officer data includes monthly-level information about factors used to determine 

the workload to assign to the Revenue Officer, including the Revenue Officer’s GS grade, 

monthly inventory and inventory by case grade, and the fraction of the Revenue Officer’s 

case load that is above their GS grade level. We match this data to the field data using the 

15We consider the statute of limitations close to expiration if the expiration date is within a year. 
16As is standard in literature using examiner assignment to identify causal estimates, we do not exclude 

individuals who appear more than once in our data but are assigned to a different local IRS office, or “group,” 
who, because they are in a different location, may not have a previous history with the taxpayer. Less than 
3% of our sample appear in the data more than once. 
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Revenue Officer id number and relevant month: if a case in the field data was assigned to 

a Revenue Officer in, e.g., May 2017, we match the Revenue Officer’s information from the 

previous month. 

We make two additional exclusions from the data based on the Revenue Officer data. 

First, we exclude Revenue Officers whose GS grade is listed 5 or 7, which are training grades. 

Second, we exclude group-month combinations when only a single Revenue Officer in the 

group is assigned any cases. This second exclusion is necessary because there will be no 

variation in proclivity to designate a case CNC in that group during that month. 

3.3 Taxpayer data 

Our taxpayer panel spans January 2009 to December 2018. This panel contains the tax-

payer’s year of birth, outstanding tax debt and payments, information from annual tax 

returns, and information about the taxpayer’s and spouse’s income from third-party infor-

mation reports. We measure behavior at the level of the taxpaying unit, combining the 

third-party-reported values for the taxpayer and, if the taxpayer filed a joint tax return in 

the year the case closed, the spouse listed on that return. The measures of tax compliance 

we construct are payments toward outstanding tax debt and an indicator for filing a return 

conditional on having third-party-reported earnings. We measure income using total W-2 

earnings as well as W-2 earnings broken out by whether the taxpayer or their spouse was 

the earner. We take the inverse hyperbolic sine transformation of each of our measures of 

income. We then merge this panel with the field and Revenue Officer data described above. 

4 Identification strategy 

The fundamental challenge in assessing the causal effect of a CNC designation on future 

taxpayer outcomes is disentangling the effect of the CNC designation itself from the effects of 

the hardships that might lead to such a designation. For example, a sole proprietorship might 

become unprofitable, fail to remit taxes on the prior year’s income, and then liquidate, leaving 
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Figure 2: IHS(adjusted gross income) over time (relative to year case closed) 

(a) Mean over time (b) Percentage change over time 
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Notes: N = 138,452. Panel (a) shows the mean of the inverse hyperbolic sine (a transformation similar to 
the natural logarithm) of adjusted gross income over time across two subgroups: tax units whose cases were 
designated CNC in dashed red and tax units whose cases were not designated CNC in solid blue. The x-axis 
indicates the year relative to when each case closed, e.g., −1 is the year before the taxpayer’s case closed. 
Panel (b) shows cumulative percentage changes in this measure relative to the value three years before the 
case closed. Adjusted gross income adjusted for inflation to 2017 values. 

the proprietor with substantial tax debt and little income. In this example, determining the 

effect of a subsequent CNC designation is complicated by the effect of the business failure 

itself. Taxpayers whose cases are designated CNC experienced substantially larger decreases 

in adjusted gross income in the years leading up to their cases being closed (shown in Figure 

2). This means that taxpayers whose cases are not designated CNC are, as a whole, a poor 

comparison group for taxpayers receiving a CNC designation. In what follows, we address 

this sample selection issue with an instrumental variable for being designated CNC based 

on the propensity of the Revenue Officer assigned to a case to designate other cases CNC as 

an instrument for CNC designation. 

4.1 Source of variation and instrument 

Variation in CNC status across otherwise similar cases comes from randomness in which Rev-

enue Officer is assigned to a case, combined with differences in Revenue Officers’ propensity 

to designate cases CNC. An intuitive method for estimating Revenue Officer j’s propensity 
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to designate cases CNC would be to determine what proportion of cases Revenue Officer j 

designated CNC. Simply using this measure to predict whether Revenue Officer j designated 

case i as CNC would be biased, however, since case i would have been included in the cal-

culation. To avoid this bias, we construct a case-specific instrument using a “leave-one-out” 

measure of the propensity of Revenue Officer j to designate case i CNC.17 Specifically, the 

“leave-one-out” measure is 

Pnj CNCkj − CNCij
ZS k=1 

ij = . (1) 
nj − 1 

The numerator of this expression is the number of cases designated CNC by Revenue Officer 

j, less one if case i was designated CNC (i.e., CNCij = 1). The denominator is the total 

number of cases handled by Revenue Officer j less one. 

As described previously, case assignment is not entirely random. Which cases are as-

signed to Revenue Officers may depend on case grade, case priority, taxpayer characteristics, 

and geographic considerations. For example, if higher grade cases are less likely to receive 

a CNC designation, then failing to control for case grade and Revenue Officer grade would 

make it seem like higher GS grade Revenue Officers were stricter. To address this issue, we 

follow Dobbie et al. (2018) and develop a residualized leave-one-out measure of the propen-

sity to designate a case CNC that removes variation from our instrument that is driven by 

observable determinants of case assignment that may also impact CNC designation. As a 

result, our instrument is a measure of the Revenue Officer’s tendencies controlling for the 

features of the case that may be correlated with a CNC designation. We discuss the empirical 

importance of residualization and potential pitfalls in Section 4.1.1. 

We calculate the residualized leave-one-out instrument as follows. First, we regress 

true CNC status for each case on Revenue Officer and case characteristics measured before 
17This version of Jackknife IV (Angrist et al. 1999) is used in, e.g., Doyle, Jr. (2007), Doyle, Jr. (2008); 

Maestas et al. (2013); Dobbie and Song (2015); Dobbie et al. (2017). Split-sample two-stage IV (Angrist 
and Krueger 1995) and limited-information maximum likelihood approaches can also address this bias. 
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assignment that may impact case assignment: 

CNCij = β0 + βX ij + ui, (2) 

where X ij includes an indicator for whether or not the case is high priority, case grade fixed 

effects, and case characteristics (the taxpayer’s year of birth, estimated ability to pay,18 an 

indicator of whether the taxpayer has had their case “in the field” since 2009, and indicator 

variables for whether the oldest debt associated with the case is more than 12 months old 

or more than 36 months old.)19 

We include fixed effects for the geographic group of the assigned Revenue Officer.20 To 

see why this might matter, consider two groups. Group A works cases in affluent Township 

A whereas Group B works cases in low-income Village B. We might expect that the cases in 

Village B are more likely to face a true financial hardship, and therefore more likely be given 

a CNC designation. We want to make sure the residual propensity to designate a case CNC 

reflects characteristics of the Revenue Officer rather than characteristics of the taxpayers who 

live where the Revenue Officer’s cases take place. We also control for two relevant geographic 

variables: allowable living expenses and an urban indicator. In robustness checks, we also 

include total inventory and case grade by Revenue Officer GS grade fixed effects, which does 

not qualitatively change the results. 

We then use the results of estimating Equation 2 to predict CNC status: 

ÿ� ˆCNCij = β0 + β̂X ij , (3) 

18“Estimated ability to pay” is the ratio of an estimated future income based on their previous adjusted 
gross income and age, and their outstanding balance with the IRS in the year before assignment. 

19Appendix B explains how we derived the specific variables used in our analysis and provides sample 
statistics by CNC status. 

20Groups are assigned cases from particular ZIP Codes in their local area. We are unable to control 
directly for ZIP Code fixed effects because there are too few cases per zip code. 
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and calculate the residual value of CNCi
R by subtracting ÿ�CNCij from CNCi: 

CNCij
R = CNCij − ÿ� (4)CNCij . 

The case-specific, residualized leave-one-out measure of Revenue Officer j’s propensity to 

designate case i as CNC is computed using Equation 5: 

Pnj 

ZR k=1 CNCkj 
R − CNCij

R 

ij = 
nj − 1 

. (5) 

The numerator of this expression is equal to the sum of the residualized CNC designation 

for all cases covered by Revenue Officer j less the residualized CNC designation for case i. 

The denominator is equal to the total number of cases handled by Revenue Officer j less one. 

Intuitively, this measure indicates Revenue Officer j’s residual propensity to designate cases 

as CNC (excluding case i), holding constant observed characteristics of the case. Conditional 

on observable characteristics and assuming conditional random assignment, Zij
R should be 

correlated with the decision in case i only if Revenue Officer j has a threshold level of leniency 

specific to case i. 

Notably, the distribution of the residualized instrument is less dispersed than that 

of the simple leave-one-out instrument, with a standard deviation of 0.0826 versus 0.1119. 

This suggests that the intrinsic variation in Revenue Officers’ leniency is less than the simple 

average of average case designations would suggest. This is illustrated in Figure 3, where 

Panel (a) shows how much more variation there is in the value of the simple leave-one-out 

instrument compared to the residualized leave-one-out instrument in Panel (b). The figure 

plots a slightly adjusted version of the instrument to include each Revenue Officer only 

21once. 
21Panel (a) shows the fraction Zj

S∗ of cases designated CNC by each Revenue Officer j, where Pk=1 CNCkj 
ZS∗ nj= . (6)j nj 

ZS∗ is equivalent to Zij
S (calculated in Equation 1) without omitting case i. Similarly, Panel (b) shows thej 
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Figure 3: Distribution of the fraction of cases designated CNC by Revenue Officer 

(a) Distribution of the fraction of cases (b) Adjusted distribution of the fraction of cases 
designated CNC by Revenue Officer (ZS∗ designated CNC by Revenue Officer (ZR∗)ij ) ij 
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Notes: Unique at the Revenue Officer level (N = 2, 345). Constructed using all cases closed by Revenue 
Officers between November 2014 and December 2018 who closed at least 20 cases that meet our sample 
restriction criteria during that time period. Panel (a) shows the fraction Zij

S∗ of cases designated CNC by 
each Revenue Officer, where ZS∗ is defined in Equation 6. Panel (b) shows the adjusted fraction RS∗ ofij ij 
cases designated CNC after accounting for residualization, as defined in Equation 7. 

4.1.1 Tests of instrument exogeneity 

Using Revenue Officer assignment to instrument for CNC status in order to measure its 

causal impact relies on the assumption that Revenue Officer assignment is uncorrelated with 

future outcomes, conditional on included covariates. This assumption allows for assignment 

of Revenue Officers based on certain observable characteristics (such as case grade) but, once 

those observable characteristics are controlled for, Revenue Officer assignment should be ran-

dom. As mentioned previously, group managers are explicitly instructed that “[p]rofessional 

judgment should play a limited role in case selection” (IRM 1.4.50.10 9). 

Our discussions with group managers underlined certain aspects of cases that might 

adjusted fraction Zj
R∗ of cases designated CNC by each Revenue Officer j, where 

Pk=1 ◊� 
nj 

CNCij
ZR∗ = . (7)j nj 

ZR∗ 1 Pk=1 
j is equivalent to ZS∗ − CNCR 

ij is calculated as in Equation 4. jj kj , where CNCR We plot ZR∗ 
nj nj 

1 Pk=1rather than CNCR to facilitate a visual comparison: the resulting object has the same mean as nj nj kj 

true CNC status, as is illustrated by the vertical lines in the figure. 
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result in group manager professional expertise playing more than a limited role role in case 

assignment. Some of these factors are not included in the case data and therefore cannot 

be included in the creation of our instrument, raising the concern that the instrument may 

not be uncorrelated with future outcomes. We test whether Revenue Officer assignment is 

conditionally random by comparing pre-assignment case and taxpayer characteristics across 

Revenue Officers with high and low values of the average case designation. We regress 

pre-assignment characteristics on, in turn, an indicator for CNC designation, the simple 

instrument (Zij
S , defined in Equation 1), and the residualized instrument (Zij

R , defined in 

Equation 5), following Equation 8: 

Yi = η0 + ηZi + ui, (8) 

where Yi is the pre-assignment outcome for taxpayer i and Zi is the value of the relevant 

CNC indicator or instrument. 

We test for balance using five pre-assignment characteristics of the case:22 model score 

(an estimate of how likely the taxpayer is to remit their outstanding liability), the taxpayer’s 

average earnings (from Forms W-2 provided by employers), an indicator for whether the 

taxpayer filed a return in the year before their case was assigned to a Revenue Officer, 

and, if the taxpayer did file a return, the adjusted gross income reported.23 We transform 

W-2 earnings by taking the inverse hyperbolic sine, which can be interpreted like a log 

transformation and enables us to include non-positive values. 

22We cannot use the variables included in the creation of our residualized leave-one-out instrument, all 
of which were chosen based on our reading of the Internal Revenue Manual and our conversations with 
group managers and an ex-Revenue Officer. The five variables we test for balance are ones that were never 
explicitly mentioned as impacting case assignment. While we have no reason to think they directly affect case 
assignment, we understand that they may be correlated with things that do directly affect case assignment 
and therefore cannot rule out that they are indirectly associated with case assignment. 

23One potential concern arises with using average adjusted gross income to calculate our estimate of the 
taxpayer’s ability to pay off their balance, one of the variables used in the residualization process. This 
means that adjusted gross income appears on both the left- and right-hand sides of the regression for two of 
our balance tests. Any bias this step in the residualization might introduce is of minimal concern because 
the coefficient on these outcomes is statistically insignificant regardless of whether or not we residualize the 
instrument. 
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Table 2: Test of instrument exogeneity 

Model Ave. W-2 Ave. AGI before Filed before 
Score Wages (IHS) AGI (IHS) assignment (IHS) assignment 

OLS −0.065∗∗∗ −1.913∗∗∗ −1.505∗∗∗ −2.096∗∗∗ −0.160∗∗∗ 

SE 
F-stat 

(0.001) 
2, 263.104 

(0.037) 
2, 744.591 

(0.030) 
2, 527.897 

(0.037) 
3, 264.277 

(0.003) 
2, 369.145 

IV (Simple) 
SE 
F-stat 

−0.161∗∗∗ 

(0.012) 
188.746 

−2.057∗∗∗ 

(0.225) 
83.554 

−1.245∗∗∗ 

(0.240) 
26.858 

−1.727∗∗∗ 

(0.265) 
42.613 

−0.167∗∗∗ 

(0.018) 
89.157 

IV (Resid.) 
SE 
F-stat 

−0.033∗ 

(0.014) 
5.679 

−0.822∗∗ 

(0.274) 
9.022 

−0.372 
(0.224) 
2.767 

−0.569∗ 

(0.256) 
4.925 

−0.040 
(0.024) 
2.853 

N 91,112 120,753 117,289 116,803 120,754 

Notes: Standard errors, in parentheses, are clustered at the Revenue Officer level. Includes all cases that 
meet our sample restriction criteria between November 2014 and December 2018. Limited to cases worked 
by Revenue Officers who closed at least 20 cases that met our sample restriction criteria between November 
2014 and December 2018. Variables are defined in Appendix B. All income variables are adjusted for inflation 
to 2017 values. Values for average W-2 earnings, average adjusted gross income, and and adjusted gross 
income in the year before case assignment are given using the inverse hyperbolic sine transformation. We 
measure adjusted gross income and W-2 earnings at the level of the taxpaying unit: if a taxpayer filed a 
joint tax return during the year in which their case was closed, we add the value for the taxpayer’s spouse 
to the taxpayer’s own value. If the taxpayer did not file a joint tax return in that year, the outcome value 
is equal to the value for the taxpayer alone. 
*** Significant at the 0.1% level; ** significant at the 1% level; * significant at the 5% level. 

As one would expect, cases that were designated not collectible had lower model scores 

(indicating a lower estimated probability of collection), lower W-2 earnings, lower adjusted 

gross income, and were less likely to file before assignment. These characteristics reasonably 

led Revenue Officers to be more likely to designate taxpayers’ debt as currently not collectible. 

These associations, shown in the top panel of Table 2, are statistically significant at the 0.1% 

level. 

The simple leave-one-out average of Revenue Officer CNC designations is designed 

to eliminate this sample selection problem, as it does not depend on the characteristics of 

the taxpayer in question. Notably, however, the second panel of Table 2 shows that the 

problem remains. All of the coefficients continue to be significant at the 0.1% level, and the 

magnitudes of the estimated coefficients do not change dramatically (the exception being 

the coefficient on model score, for which the absolute magnitude of the coefficient increases 
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substantially). This indicates that cases are not randomly assigned to Revenue Officers, and 

their CNC designation tendencies are correlated with case characteristics. 

The residualized Revenue Officer instrument reduces the imbalance substantially, but 

does not fully eliminate it. The magnitudes of the coefficients shown in the third panel of 

Table 2 for all five pre-treatment characteristics shrink considerably. The coefficients be-

tween the residualized instrument and model score, and between the residualized instrument 

and pre-assignment adjusted gross income, are statistically significant only at the 5% level. 

The estimated coefficient between the residualized instrument and average W-2 earnings is 

statistically significant at the 1% level. 

Any violation of the exclusion restriction is cause for concern about biased estimates 

in the second stage coefficients.24 Note, though, that these coefficients are small in economic 

terms. Assignment to a Revenue Officer whose value of the instrument is one standard 

deviation higher is associated with a model score that is, on average, 0.0027 lower, 6.7% lower 

W-2 earnings, and 4.7% lower adjusted gross income.25 As the signs of the correlations with 

the residualized instrument are the same as the signs of the correlations with CNC status, 

one would expect any bias in the IV results to be toward the OLS estimates. Concerns 

about the remaining imbalance motivate our use of the difference-in-differences instrumental 

variables design detailed in Section 4.2. 

4.2 Difference-in-differences instrumental variables design 

Figure 2 shows that an OLS or uninstrumented difference-in-differences approach is invalid in 

this context, and Table 2 shows that an undifferenced instrumental variables approach does 

not resolve the problem. We next pursue a difference-in-differences specification in which the 

treatment is the instrumented value of CNC.26 The advantage of the difference-in-differences 

24For a brief discussion of how the standard IV assumptions apply in this context, see Appendix D. 
25The standard deviation of our residualized instrument is 0.082 and the coefficient on average W-2 earnings 

in the balance test is −0.822: −0.822 x 0.082 = −0.067 log points, about 6.7%. Similarly, the coefficient on 
adjusted gross income before assignment is −0.569 (−0.569 x 0.082 = −0.047), and the coefficient on model 
score is −0.033 (−0.033 x 0.082 = −0.0027). 

26This approach is similar in spirit to, among others, Duflo (2001). 
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approach is that it removes any time-invariant bias in the instrumental variables estimates. 

It remains vulnerable to time-varying bias due to, for example, larger effects of the factors 

correlated with the instrumented value of CNC in periods after the CNC decision. Relative 

to difference-in-differences without instrumenting for the value of CNC, the instrumented 

approach avoids bias that would otherwise arise from correlations between omitted variables 

correlated with both CNC and trends in the outcome over time (but not correlated with the 

instrument). 

We use the event-study version of the difference-in-difference model: 

X ÷Yit = 1(t = k)[φkCNCi + τkX it + νk] + ιi + eit. (9) 
k 

where Yit is the outcome variable, ÷ is the instrumented value of CNC, X itCNCi are time-

varying controls, νk are event-time fixed effects, ιi is an individual fixed effect, and eit is 

the error term. This approach allows us to test whether there is time-varying bias in the 

instrumental variables estimates by looking at the trends across time periods before the CNC 

decision. While a lack of trends before the CNC decision does not guarantee a lack of trends 

afterwards, the test still provides some information about the potential for bias. 

As expected, in the first stage the instrument strongly predicts CNC status, with a 

point estimate of 0.489 that is statistically significant at the 0.1% level. The instrument 

easily passes the Cragg and Donald (1993) and Kleibergen and Paap (2006) tests of weak 

instruments. 
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5 Effects of Suspending Tax Debt Collection Due to 

Hardship 

5.1 Research design choices 

We now turn to the motivating research question: how suspending tax debt collection affects 

subsequent taxpayer compliance and income, explaining our definitions of a taxpaying unit 

and of event time before proceeding to test the pre-period trends and analyze effects after 

the CNC decision. 

We measure behavior at the level of the taxpaying unit: if a taxpayer filed a joint tax 

return during the year in which their case was closed, we add the value for the taxpayer’s 

spouse to the taxpayer’s own value. If the taxpayer did not file a joint tax return in that 

year, the outcome value is equal to the value for the taxpayer alone. We include cases worked 

by Revenue Officers who closed at least 20 cases during our sample period.27 We set the 

year before the year in which the case closed as Year 0. Coefficients are reported relative to 

Year 0. This ensures that all behavioral changes due to CNC status are properly included in 

the post period. For example, if a case closed in January of Year T, it may impact whether 

the taxpayer filed their Year T-1 tax return by April of Year T. One consequence of this 

approach is that behavioral responses may appear delayed: if a case closes in December, only 

a small fraction of Year 1 is post-case-closing, and the first full year in which CNC status 

can affect behavior is Year 2. 

We estimate effects for years from two years before Year 0 (Year -2) to four years after 

Year 0 (Year 4). Years -2 and -1 allow us to visually assess whether or not the parallel trends 

assumption holds before treatment. For the outcomes we consider, coefficients in the years 

27There is a critical trade-off in choosing this threshold. As shown in Figure 1, the number of Revenue 
Officers excluded from our analysis quickly increases as we raise the case count threshold. This reduction in 
sample size reduces the power of the estimates. Lowering the case count threshold means that we include 
Revenue Officers for whom we have a less precise measure of their latent tendency to designate cases CNC. 
Results are similar if we use alternative case count thresholds of 10 or 30 cases, although the standard errors 
are slightly different. 
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before treatment are not statistically significant. 

5.2 Effects on compliance 

If taxpayers whose cases are deemed CNC come to believe that their tax compliance is 

subject to less scrutiny than they had previously thought, they may be less compliant in 

the future. This reduced compliance could take the form of reduced payments to the IRS, 

or a lower probability of filing a tax return. On the other hand, if taxpayers try to avoid 

jeopardizing their CNC status and triggering renewed attempts to collect, they may be more 

compliant in the future. 

5.2.1 Payments toward outstanding tax debt 

Figure 4 shows changes in the dollar value of payments against outstanding tax debt made 

by taxpayers whose cases are designated CNC compared to taxpayers whose cases are not.28 

A standard difference-in-differences regression implies that payments from taxpayers whose 

cases are designated CNC fall substantially relative to other taxpayers with a decline that 

is largest in Year 2 before recovering partially. The IV regression results display a similar 

pattern in their point estimates but have 95% confidence intervals that include zero in each 

year, and are thus uninformative about whether payments towards outstanding tax debt 

decline following a CNC designation. 

5.2.2 Filing tax returns 

We also study the effect of a CNC designation on tax compliance as measured by filing a 

tax return. Taxpayers whose cases are assigned to the field for collection often have incomes 

below the threshold at which they would be required to file.29 As a result, we examine filing 

28This measure does not include payments against tax debt accrued after the case closed. 
29For example, we observe that, even among tax units receiving earnings reported on Form W-2, about 

40% had earnings below the filing threshold. 
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Figure 4: Effect of a CNC designation on payments toward outstanding tax debt ($1,000) 

(a) Difference-in-differences (b) IV with residualized instrument 
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Notes: Number of cases is 139,246 for difference-in-differences and 121,923 for the IV specification. Includes 
cases worked by all Revenue Officers that meet our sample restriction criteria between November 2014 and 
December 2018. Coefficients are shown in thousands. Payment values adjusted for inflation to 2017 values. 

behavior among those with earnings reported on Form W-2, who are both more likely to be 

required to file and more likely to be detected if they fail to file. 

The filing results are shown in Figure 5. While the standard difference-in-differences 

results suggest that a CNC designation leads to a reduced likelihood of filing, the IV results 

show that taxpayers who received a CNC designation were no less likely to file a return in 

the following years. 

5.3 Effects on income 

Suspending collection efforts due to hardship does not imply that a taxpayer’s debt is for-

given. Taxpayers whose cases are given a CNC designation may use the relief to make 

investments to increase their future earnings, or increase labor supply with the expectation 

that the income they earn is less likely to go toward tax debts. On the other hand, a CNC 

designation could reduce labor supply through an income effect, as more of taxpayers’ income 

becomes available for uses other than tax debt repayment. 

We examine how a CNC designation affects W-2 earnings. We take the inverse hyper-
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Figure 5: Effect of a CNC designation on filing a tax return 

(a) Difference-in-differences (b) IV with residualized instrument 
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Notes: Number of cases is 139,246 for difference-in-differences and 121,923 for the IV specification. Includes 
cases worked by all Revenue Officers that meet our sample restriction criteria between November 2014 and 
December 2018. 

bolic sine of each of these measures of income.30 

In standard difference-in-differences results CNC status is associated with large, lasting, 

and statistically significant decreases in W-2 earnings. Our instrumental variables difference-

in-difference approach finds statistically significant increases in W-2 earnings as a result of 

a CNC designation. This increase is driven by an increase in W-2 earnings by the spouses 

of married taxpayers in years three and four after the case closes. 

5.3.1 W-2 earnings 

Figure 6 shows the effects of CNC designation on the sum of the taxpayer’s and their spouse’s 

earnings reported on Form W-2. The patterns in these results closely resemble the patterns 

for adjusted gross income: the standard difference-in-differences specification shows wage 

decreases after Year 0, while the instrumented difference-in-differences specification shows 

large increases in W-2 earnings. The increase in Year 3 is statistically significant at the 95% 

230The inverse hyperbolic site transformation is: yIHS = ln(xi + (x + 1) 2
1 
). This is approximately equal i 

to ln(2xi) = ln(2) + ln(xi) = 0.69 + ln(xi) ≈ ln(xi) except for small values of ln(xi). As a result, coefficients 
on these variables can be interpreted as we would for standard logarithmic dependent variables, but allows 
for the transformation of values equal to 0 and negative values. To transform the coefficients back into 
meaningful values, we use the approximation % change ≈ (exp(β) − 1) ∗ 100 (see Bellemare and Wichman 
(2020) for more information about the inverse hyperbolic sine transformation). 
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Figure 6: Effect of a CNC designation on W-2 earnings (IHS) 

(a) Difference-in-differences (b) IV with residualized instrument 
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Notes: Number of cases is 139,246 for difference-in-differences and 121,923 for the IV specification. Includes 
cases worked by all Revenue Officers that meet our sample restriction criteria between November 2014 and 
December 2018. Values given are the inverse hyperbolic sine transformation of the outcome values. W-2 
earnings adjusted for inflation to 2017 values. 

level. 

To examine the source of the large rise in income, we split the tax unit’s W-2 earnings 

into the earnings of the primary taxpayers associated with the tax debt (listed first on a 

joint return) and the taxpayer’s spouses’ earnings. The increase is attributable to taxpayers’ 

spouses. Figure 7 shows that in the instrumented specification earnings do not rise for the 

individual whose case is designated CNC (Figure 7b), but there is a substantial increase 

in the earnings received by the spouses of married taxpayers (Figure 7d), which more than 

double 3 and 4 years after the case closed. There is a similar but much smaller in mag-

nitude pattern in the standard difference-in-differences specification for spouses’ earnings, 

although for individuals’ own earnings the standard difference-in-differences shows a decline 

that begins well in advance of treatment. 

5.4 Summary 

Suspending debt collection due to inability to pay basic living expenses leads to a large 

proportional increase in the taxpayer’s spouse’s (but not the taxpayer’s own) W-2 earnings 
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Figure 7: Effect of a CNC designation on W-2 Earnings (IHS): Taxpayer vs. Spouse 

Taxpayer whose case was designated CNC 

(a) Difference-in-differences (b) IV with residualized instrument 
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(c) Difference-in-differences (d) IV with residualized instrument 
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Notes: Number of cases for W-2 earnings is 139,246 for difference-in-differences and 121,923 for the IV 
specification, and the case numbers for the spouse’s W-2 earnings are 85,492 and 70,171. Includes cases 
worked by all Revenue Officers that meet our sample restriction criteria between November 2014 and De-
cember 2018. Values given are the inverse hyperbolic sine transformation of the outcome values. Spouses 
include individuals married to taxpayers in the year in which their case was closed. W-2 earnings adjusted 
for inflation to 2017 values. 

three and four years after the case closed. This increase in income is consistent with the 

incentives a CNC designation provides by reducing the effective marginal tax rate (at least 

over the range where additional income does not trigger the revocation of the CNC desig-

nation), and suggests that the increased keep rate on higher earnings has a greater effect 

on income than the wealth effect from setting debt aside. As the majority of the spouses of 
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the married taxpayers in our sample are female, our results are consistent with the standard 

finding that married women’s labor supply is more elastic than men’s labor supply (Keane 

2011). An alternative explanation for the increase in spouse’s earnings is through a liquidity 

channel: by enabling investments that facilitate working (e.g. a second car or child care), 

the potential positive wealth shock from a CNC designation could increase labor supply in 

this population of taxpayers. 

A CNC designation does not detectably change tax filing or payments toward outstand-

ing debt. The lack of significant estimated effects on tax compliance could result from the 

imprecise nature of the IV estimates, from an offset between the increase in compliance stem-

ming from the potential for debt suspension to be revoked and the decrease in compliance 

due to the perception that enforcement is lenient, or from an absence of such effects. 

6 Conclusion 

Random and quasi-random assignment of cases to administrative officers provides an 

opportunity to study the causal effects of policy interventions when administrative officers’ 

discretion can determine who receives treatment. This paper uses such an approach to assess 

the effects of suspending attempts to collect a taxpayer’s unpaid taxes. Variation comes 

from assignment of cases to Revenue Officers of differing “leniency,” the inherent tendency 

to designate cases currently not collectible due to taxpayer hardship. To our knowledge, 

this is the first application of this research design to issues of tax enforcement. We find 

that, following the suspension of collection efforts, taxpayers have higher incomes, driven by 

increases in their spouses’ earnings. Unlike näıve difference-in-difference results, in which 

suspending collection is strongly associated with declines in debt repayment, tax filing, and 

W-2 earnings, we find that these behaviors either increase or do not decline detectably. 

In this setting, the ability of an examiner assignment design to elicit a causal effect 

of debt forgiveness not polluted by sample selection bias is tempered by the fact that the 

assignment of case managers to cases is, at best, only conditionally random and the average 
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number of cases per Revenue Officer is not very large. These issues constrain the confidence 

one can have in the estimates reported here. Nevertheless, because quasi-random assignment 

of tax officers to cases is widespread, and the research availability of administrative data is 

growing rapidly, the potential for this research design to provide insight into the causal effects 

of tax enforcement actions is substantial. We look to future research applying it to other 

settings where the empirical caveats are less troubling, and hope that our initial foray into 

using the examiner assignment design to learn about the causal effects of tax enforcement 

will make the research path forward clearer. 
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Appendix A Overview of the collections process 
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Appendix B Data dictionary and sample statistics 

B.1 Acronyms 

ALE Allowable living expenses 

ACS Automated Collection System 

AGI Adjusted gross income 

CNC Currently not collectible 

EAP Estimated ability to pay 

GS General schedule 

IRM Internal Revenue Manual 

IRS Internal Revenue Service 

TPI Total positive income 

B.2 Variable definitions 

B.2.1 Variables included in the residualization process 

Allowable living expenses The allowable living expenses data is provided quarterly at 

the county level by the IRS. We used the “housing and utilities” standard. We used the value 

for a “Family of 1” unless we had evidence that the taxpayer was married, in which case we 

used the value for a “Family of 2.” When a zip code covered multiple counties, we took the 

average of the allowable living expenses given for those counties. We use the values from 

quarter 4 of Year 1. The zip-to-county conversion was done using data provided by the U.S. 

Department of Housing and Urban Development. We matched this to the administrative 

tax data by zip code. 

Case grade Provided in the field data. Cases have a grade of 9, 11, 12, or 13. The assigned 

grade reflects the expected difficulty of closing the case. 
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Estimated ability to pay We develop an “estimated ability to pay” metric which is equal 

to a taxpayers average AGI for the three years before their case was assigned to a Revenue 

Officer, multiplied by the lesser of 10 and the number of years before the taxpayer turns 

65, divided by the outstanding balance on the account when the taxpayer is assigned to a 

Revenue Officer. When AGI is missing for some year, we impute the filing threshold. Larger 

values suggest that the taxpayer would have greater income and therefore be more able to 

resolve their outstanding debt. 

Group Provided in the Revenue Officer data. This is the group to which the Revenue 

Officer belongs. A Revenue Officer is assigned cases by the group manager. 

High priority indicator Cases are assigned priority codes. The relationship between 

priority code and priority level is described in IRM 1.4.50.8.4 1. High priority cases include 

priority codes 99-108, with priority 99 and 100 cases being the highest priority cases. Medium 

priority cases include priority codes 201-208. Low priority cases include priority codes 301-

303. This indicator is equal to 1 for cases with priority code 99 or 100. 

Oldest debt more than 12 months old indicator This indicator is equal to 1 if the 

oldest debt on the case when it is assigned to field is older than 12 months old. 

Oldest debt more than 36 months old indicator This indicator is equal to 1 if the 

oldest debt on the case when it is assigned to field is older than 36 months old. 

Previously assigned to field indicator This indicator is equal to 1 if the taxpayer had 

modules assigned to the field before the case considered in the project. We consider debt 

starting in 2009 when constructing this variable. 

Revenue Officer GS grade Provided in the Revenue Officer data. Revenue Officers may 

have a GS grade of 4, 5, 7, 9, 11, 12, or 13. A grade of 4 indicates a group manager. Grades 

5 and 7 are training grades. As of 2017, IRS employees with a GS grade of 9 could no 

longer serve as Revenue Officers. Because our analysis focuses on cases closed before 2017, 

we observe Revenue Officers with GS grades 9, 11, 12, and 13. 
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Urban indicator The urban dummy is based on data provided by the U.S. Department 

of Agriculture Economic Research Service (USDA ERS). The data include the Rural Urban 

Continuum Code (RUCC) by county. We designate a location as not urban if the RUCC for 

the zip code is 7 or 9, which includes areas with populations less than 20,000 that are non-

adjacent to metro areas. We match the county to zip code using the 2014 Q4 zip-to-county 

data provided by the U.S. Department of Housing and Urban Development. For a few zip 

codes not included in the data from USDA ERS we use population-by-zip code data from 

the 2010 Census. We categorize these zip codes as urban if the population is greater than 

20,000. We matched this to the administrative tax data by zip code. 

Year of birth The year of birth of the taxpayer. We censor at both ends: we set the year 

of birth equal to 1930 for taxpayers with year of birth older than 1930, and we set the year 

of birth equal to 1997 for taxpayers with year of birth earlier than 1997. 

B.2.2 Outcome variables 

Filing tax returns This indicator is equal to 1 if the taxpayer filed a return conditional 

on whether or not the IRS received a W-2 for the taxpayer. 

Payments toward outstanding tax debt : Calculated as the sum of all payments re-

mitted to the IRS against debt from previous tax years during the twelve months after the 

taxpayer’s case was closed. 

W-2 earnings We use the sum of earnings reported on all unique W-2s received for the 

taxpayer. We present this variable at the household, individual, and spouse level. 

B.2.3 Balance variables 

Model score An estimate generated by the IRS of the probability of repayment, with lower 

scores indicating a lower estimated probability of collection. This variable has 25th , 50th , 

and 75th percentile values of approximately 0.05, 0.09, and 0.2, respectively. 

37 



DRAFT - DO NOT CIRCULATE January 10, 2023 

Average W-2 earnings The average of earnings reported through W-2s for the three years 

prior to assignment to a Revenue Officer. 

Average AGI The average of Adjusted Gross Income (as defined above) for the three years 

prior to assignment to a Revenue Officer. 

AGI before assignment The value of Adjusted Gross Income (as defined above) for the 

year prior to assignment to a Revenue Officer. 

Filed before assignment This indicator is equal to 1 if the taxpayer filed a tax return in 

the year prior to assignment to a Revenue Officer. 

B.3 Sample statistics 

Table 3 shows the mean and standard deviation of the variables used in our analysis in Year 

0 by CNC designation. 
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Table 3: Sample statistics (Year 0) 

Non-CNC CNC Total 
Observations 86,083 37,313 123,396 

Residualization variables 
High priority indicator 0.216 0.219 0.217 

(0.411) (0.414) (0.412) 
Case grade = 9 0.142 0.142 0.142 

(0.349) (0.349) (0.349) 
Case grade = 11 0.480 0.538 0.497 

(0.500) (0.499) (0.500) 
Case grade = 12 0.334 0.306 0.325 

(0.471) (0.461) (0.468) 
Case grade = 13 0.045 0.014 0.036 

(0.207) (0.118) (0.185) 
Year of birth 1963 1961 1962 

(11) (12) (11) 
Estimated ability to pay 54.566 15.733 42.824 

(148.502) (65.649) (130.406) 
Previously assigned 0.413 0.425 0.417 

(0.818) (0.806) (0.814) 
Oldest debt > 12 mo. 0.713 0.755 0.726 

(0.452) (0.430) (0.446) 
Oldest debt > 36 mo. 0.598 0.701 0.629 

(0.490) (0.458) (0.483) 
Allowable living expenses 1,860 1,731 1,820 

(585) (524) (570) 
Urban indicator 0.978 0.973 0.976 

(0.147) (0.163) (0.152) 
RO Inventory 54.330 54.881 54.497 

(16.518) (15.883) (16.331) 
RO GS grade = 9 0.150 0.137 0.146 

(0.357) (0.344) (0.353) 
RO GS grade = 11 0.429 0.482 0.445 

(0.495) (0.500) (0.497) 
RO GS grade = 12 0.390 0.368 0.383 

(0.488) (0.482) (0.486) 
RO GS grade = 13 0.031 0.014 0.026 

(0.174) (0.116) (0.159) 
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Table 3: Sample statistics (Year 0, continued) 

Non-CNC CNC Total 
Observations 86,083 37,313 123,396 

Outcome variables 
Payments toward outstanding debt 6,774 2,889 5,599 

(48,149) (38,487) (45,479) 
Filed | W-2s 0.793 

(0.405) 
0.668 
(0.471) 

0.755 
(0.430) 

W-2 wages 63,925 36,810 57,061 
(90,438) (55,207) (83,780) 

W-2 wages, primary 81,609 48,491 73,269 
(99,555) (62,130) (92,704) 

W-2 wages, spouse 11,801 6,047 10,165 
(30,817) (19,626) (28,212) 

Balance variables 
Model score 0.170 0.105 0.150 

(0.162) (0.098) (0.148) 
Pre-Ave. W-2 wages, HH 62,430 22,431 50,335 

(485,752) (51,761) (407,128) 
Pre-Ave. AGI, HH 170,507 54,989 135,577 

(2,699,416) (1,365,700) (2,377,013) 
AGI year before assignment, HH 209,803 50,231 161,551 

(5,323,174) (330,781) (4,450,411) 
Filed before assignment 0.831 0.671 0.783 

(0.375) (0.470) (0.412) 
Instruments 

Simple LOO instrument 0.290 0.331 0.302 
(0.108) (0.115) (0.112) 

Residualized instrument -0.010 0.022 0.000 
(0.079) (0.084) (0.082) 

Notes: Includes all cases that meet our sample restriction criteria between November 2014 and December 
2018. Limited to cases worked by Revenue Officers who closed at least 20 cases that met our sample 
restriction criteria between November 2014 and December 2018. All monetary values adjusted for inflation 
to 2017 values. 
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Appendix C Robustness to choice of case count cutoff 

Figures 8 through 11 show our residualized IV results using the alternative Revenue 

Officer case count cut-offs of 10, 20, and 30. 

Figure 8: Effect of a CNC designation on payments toward outstanding tax debt ($1,000), 
IV with residualized instrument 

(a) 10+ Cases (b) 20+ Cases (c) 30+ Cases 
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Notes: Includes cases worked by all Revenue Officers that meet our sample restriction criteria between 
November 2014 and December 2018. Coefficients are shown in thousands. Payment values adjusted for 
inflation to 2017 values. 

Figure 9: Effect of a CNC designation on filing a tax return, IV with residualized instrument 
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Notes: Includes cases worked by all Revenue Officers that meet our sample restriction criteria between 
November 2014 and December 2018. 
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Figure 10: Effect of a CNC designation on W-2 wages (IHS), IV with residualized instrument 

(a) 10+ Cases (b) 20+ Cases (c) 30+ Cases 
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Notes: Includes cases worked by all Revenue Officers that meet our sample restriction criteria between 
November 2014 and December 2018. Values given are the inverse hyperbolic sine transformation of the 
outcome values. W-2 earnings adjusted for inflation to 2017 values. 

Figure 11: Effect of a CNC designation on W-2 Wages (IHS): Taxpayer vs. Spouse 

Taxpayer whose case was designated CNC 
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Notes: Includes cases worked by all Revenue Officers that meet our sample restriction criteria between 
November 2014 and December 2018. Values given are the inverse hyperbolic sine transformation of the 
outcome values. Spouses include individuals married to taxpayers in the year in which their case was closed. 
W-2 earnings adjusted for inflation to 2017 values. 
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Appendix D Discussion of standard IV assumptions 

The primary assumptions in any instrumental variables specification are relevance, 

monotonicity, and the exclusion restriction. 

Relevance means that Revenue Officer assignment must be correlated with CNC des-

ignation (formally, Cov[CNCij , Zij ] =6 0). The correlation between CNC status and the 

residualized leave-one-out instrument is 0.102. 

In our setting, monotonicity means that cases designated CNC by low-propensity (high-

σj ) Revenue Officers would always have also been designated as CNC by high-propensity 

(low-σj ) Revenue Officers. Similarly, cases that were not deemed CNC by high-propensity 

(low-σj ) Revenue Officers would also not have been deemed CNC by high-propensity (low-

σj ) Revenue Officers. This assumption would be violated if, e.g., some Revenue Officers 

were more likely to designate cases as CNC if the taxpayers were older, while some Revenue 

Officers were more inclined to designate cases as CNC if the taxpayer were younger. Mono-

tonicity is also a concern in situations where the examiners have a multidimensional decision 

to make. In our setting, cases may be closed through full pay, installment agreements, and 

other decisions in addition to a CNC designation. For a discussion of monotonicity when 

there are multi-dimensional choices in these settings, see Norris et al. (2021) and Gross and 

Baron (2021). 

Finally, the exclusion restriction means Revenue Officer propensity to designate a case 

CNC must only affect taxpayer outcomes through the variation in having a case designated 

CNC, that is, Cov[Zi, hi] = 0. This assumption would be violated if Revenue Officer propen-

sity to designate a case CNC is correlated with unobservable determinants of future taxpayer 

outcomes. This assumption is also violated if Revenue Officer propensity to designate a case 

CNC impacts future taxpayer outcomes through means other than CNC designation (e.g., if 

Revenue Officers that are more willing to deem a case CNC are also more likely to provide 

information to help a taxpayer avoid being in this situation in the future, or make more 

intense attempts to collect unpaid tax before designating a case CNC). 
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