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Complex Tax Incentives†

By Johannes Abeler and Simon Jäger*

How does complexity affect people’s reaction to tax changes? To 
answer this question, we conduct an experiment in which subjects 
work for a piece rate and face taxes. One treatment features a simple 
tax system, the other a complex one. Subjects’ economic incentives 
are identical across treatments. We introduce the same sequence 
of additional taxes in both treatments. Subjects in the complex 
treatment underreact to new taxes; some ignore new taxes entirely. 
The underreaction is stronger for subjects with lower cognitive 
ability. Contrary to predictions from models of rational inattention, 
subjects are equally likely to ignore large or small incentive changes. 
(JEL D14, H24, H31)

We study how complexity influences choices. In particular, we analyze how the 
complexity of the economic decision environment influences the reaction to 

subsequent changes in incentives. We are motivated by the observation that existing 
tax and benefit systems as well as many other incentive systems and price sched-
ules usually feature highly complex, nonlinear schedules with kinks, thresholds, 
and various exemptions. There is growing evidence that people are not able to react 
optimally to such complexity: taxpayers do not bunch at kinks to the extent that 
would be expected if marginal incentives were fully understood and labor supply 
could be freely adjusted (Saez 2010). Evidence by Brown et al. (2013) suggests that 
complexity thwarts individuals’ ability to value annuities such as Social Security 
benefits. Chetty and Saez (2013) document that EITC-eligible individuals adjust 
their earnings if they receive personalized advice on their tax incentives. And the 
United States General Accounting Office (2002) estimates that at least 2.2 million 
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tax payers overpay federal taxes simply by not itemizing deductions.1 Yet, there is 
no direct evidence on the causal effect of tax complexity. How would behavior differ 
in a counterfactual simple tax system that featured similar economic incentives but 
less complexity?

An ideal dataset to study this question would contain observations of behavior in 
tax systems that differ only in the level of complexity. For lack of such exogenous 
variation in complexity in real-world tax systems we conduct a tightly controlled 
laboratory experiment. In the experiment, we can vary the complexity of the deci-
sion environment and introduce additional tax rules; we are therefore able to draw 
causal inferences about the impact of complexity on decision making.

We take the number of distinct tax rules a subject faces in the experiment as a 
measure of tax complexity. This is consistent with measures of complexity of real-
world tax systems. The Office of Tax Simplification (OTS) in the UK, for exam-
ple, uses a complexity index that includes the number of pages of legislation, the 
readability of the legislation, as well as the number of exemptions (OTS 2013).2 
Alternatively, one can take the compliance cost implied by or the ability to com-
ply at all with the tax regulations as a measure of complexity (Slemrod 1984). As 
mentioned above, many tax payers are not able to optimally react to tax systems, 
arguably because of the inherent complexity. Direct compliance costs are also sub-
stantial in most developed countries, again implying a high level of complexity.3 In 
our experiment, we will be able to check how well subjects deal with the tax system 
and measure, e.g., the time spent deciding.

In the experiment, subjects work on a task in a setting that mimics a progressive 
income tax system: subjects receive a piece rate for each unit of output produced; 
they also have to pay a number of taxes and receive a number of subsidies. The 
design features two between-subjects treatments, each subject facing three rounds. 
In the first round of the simple treatment (ST), the tax system features only two 
simple rules that determine incentives. The complex treatment (CT) implements a 
tax system that features economic incentives that are almost identical to the ones in 

1 Chetty and Saez (2013) document small effects of information provision but find significant effects on the 
earnings of individuals who received advice on tax incentives from tax preparers who complied with the experimen-
tal design. The interpretation of the nonbunching results in Saez (2010) is corroborated by survey evidence (Fujii 
and Hawley 1988) documenting differences between self-reported and computed marginal tax rates for a substantial 
fraction of surveyed US taxpayers. Gideon (2013) provides evidence that perceived tax rates predict savings behav-
ior more strongly than true rates. A related and growing strand of literature documents evidence suggesting that tax-
payers react to average rather than marginal tax rates (de Bartolome 1995; Liebman and Zeckhauser 2004; Feldman 
and Katuscak 2009); Ito (2014) documents similar results for consumer responses to a nonlinear electricity pricing 
scheme. Chetty, Friedman, and Saez (2013) demonstrate substantial heterogeneity in the knowledge of the EITC 
program across regions in the United States (see also Wuppermann, Bauhoff, and Grabka 2014 and Bhargava and 
Manoli 2013 for further field evidence on the response to complexity). 

2 Similarly, Slemrod and Kopczuk (2002) and Kopczuk (2005) characterize an income tax system as complex 
when it features many deductions while Wagner (1976) defines a tax system as complex when its revenue structure 
is dispersed. The Office of the Taxpayer Advocate within the IRS reports that the US tax code “has grown so long 
that it has become challenging even to figure out how long it is” (OTA 2010). Even the simplified IRS “Tax Guide 
2012 for Individuals” features almost 300 pages (the Internal Revenue Code runs to about 11,000 pages, OTA 2010). 
The complexity of tax systems also varies strongly between countries. For instance, corporate income tax codes (for 
which comparable data exist, e.g., Organisation for Economic Co-operation and Development (OECD) 2007 or 
PricewaterhouseCoopers (PwC) 2014) differ between 700 pages in Sweden and 5,100 pages in the United States. 

3 Slemrod and Sorum (1985) estimate compliance costs of 5 to 7 percent of revenue raised in the United States 
(see also Blumenthal and Slemrod 1992); recent estimates from the Office of the Taxpayer Advocate (2010) are in 
a similar order of magnitude at 11 percent. 
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ST. In particular, the payoff-maximizing output level and the payoffs around this 
level are identical. However, there are many more tax rules in CT (22 rules) leading 
to a tax system with a higher degree of complexity. CT mimics the large number of 
distinct rules that characterize real tax systems. In contrast, ST is designed to come 
closer to implementing the assumptions economists typically make when modeling 
behavioral responses to tax incentives, for instance, that individuals understand the 
incentives they face and know their marginal tax rate.

In the second and third round, the simple or complex tax system of the first round 
is again in place with one additional tax or subsidy introduced in both treatments, 
changing the payoff maximizing number of units of output. These additional rules 
are identical across the two treatments. The main focus of our study is on how sub-
jects react to these new incentives. A priori, it is not clear whether people will react 
more or less strongly to new tax rules when the preexisting incentives are more com-
plex. If higher background complexity increases the salience of the new tax rules 
relative to the set of existing tax rules, subjects in CT will react more strongly to 
the new tax rules. In contrast, if increased background complexity takes up limited 
cognitive resources, subjects in CT will underreact to the new tax rules. Obviously, 
if subjects are fully rational, complexity will not affect behavior.

How does complexity affect behavior in our experiment? To verify our treatment 
manipulation, we first document that subjects in CT choose the payoff-maximizing 
output level less often and, more generally, choose output levels further away from 
this payoff-maximizing number. As a consequence, they earn about 23 percent less 
than subjects in ST. This shows that subjects are indeed influenced by the higher 
complexity of the decision environment. Our main result is that subjects in the com-
plex treatment underreact to the newly introduced tax rules and do not adjust their 
output strongly enough towards the new payoff-maximizing choice. This implies 
that an increase in the complexity of the decision environment lowers price elastic-
ities. Some subjects in CT ignore the new tax rule completely and stick with their 
previous choice. The fraction of subjects in CT who do not adjust their decision 
from round to round is 9 percentage points higher than the corresponding fraction in 
ST. These subjects drive most of the underreaction in CT. The nonreacting subjects 
decide much faster than other subjects, suggesting that they indeed ignore the new 
tax rule. We also document substantial heterogeneity across subjects in the effect of 
complexity. Subjects who choose output levels further away from the payoff max-
imum in the first round are more likely to ignore newly introduced tax rules in the 
subsequent rounds of the experiment. We find that subjects with higher cognitive 
ability—as measured by a proxy for IQ that we elicit—underreact less in CT, sug-
gesting that the effect of complexity on the response to new taxes is particularly 
pronounced for individuals with lower cognitive ability. Finally, by randomizing the 
order in which subjects face the additional tax rules (so that some subjects initially 
face a smaller or larger tax change) we can test whether smaller tax changes are 
more likely to be ignored. We cannot reject that subjects are equally likely to ignore 
small and large tax changes.4

4 Note that our experiment primarily captures short-term reactions. While we did not see an increase of decision 
quality across rounds, the time horizon of the experiment was limited and subjects did not receive feedback on 
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We discuss a conceptual framework that can help to organize our results.5 We 
posit that individuals can only pay attention to a certain amount of information. We 
operationalize this by assuming that a subject can only take a limited number of tax 
rules into consideration (see, e.g., Eliaz and Spiegler 2011, and Gabaix 2011, for 
a motivation of this assumption). This simple framework predicts that choices are 
usually not payoff-maximizing when the number of rules a subject can take into 
consideration is smaller than the number of applicable tax rules. Since the complex 
treatment features more tax rules in the first place, the model predicts that subjects in 
CT are less likely to take the newly introduced rules into account. This is in line with 
our finding that a larger fraction of subjects in CT compared to ST repeat their pre-
vious choice when new incentives are introduced. Overall, this framework matches 
the main results of the experiment well. Our results are inconsistent with models in 
which new tax rules become more salient relative to the existing set of rules as the 
complexity of the pre-existing rules increases. Moreover, the fact that the fraction 
of subjects ignoring an additional rule does not depend on the size of the tax change 
is in contrast to most models of rational inattention that predict that information is 
more likely to be incorporated in decision-making if it is more costly to be ignored 
(e.g., Sims 2003; Gabaix 2011; Chetty 2012).

A key difference between our experiment and the existing literature is that we 
vary the complexity of the whole tax system that subjects face. In contrast, the new 
tax rules that are introduced each round are identical in ST and CT and, taken in 
isolation, are simple and salient. Previous studies varied the salience of one tax 
rule or one part of a price schedule to see how salience and complexity influence 
decisions. Chetty, Looney, and Kroft (2009), for example, show in several ways that 
consumers underreact to changes in nonsalient taxes (see also Goldin and Homonoff 
2013, and Feldman and Ruffle 2015). Finkelstein (2009) shows that automating toll 
collection—which lowers the salience of the toll—leads to a reduction in the toll 
elasticity of driving.6 Our design allows us to study how the reaction of subjects to 
a new tax rule depends on the complexity of the tax system in which the new rule 
is embedded. As our results indicate, higher levels of background complexity mute 
the reaction to new tax rules and lead to a higher prevalence of choice inertia. More 
generally, our findings support the view that complexity of the decision environ-
ment is an important catalyst of behavioral anomalies, such as the status-quo bias 

performance between rounds. Field evidence, e.g., Chetty, Friedman, and Saez (2013) or United States General 
Accounting Office (GAO) (2002), shows that even experienced tax payers are often not able to react optimally to 
the tax incentives they face. In addition, the learning that can occur based on net-of-tax information hinges on the 
informativeness of experimentation or comparison with other; if the tax environment is more complex, feedback 
from experimentation and comparison will be less informative. This suggests that learning might be limited in 
important ways and that complexity can have persistent effects on decision-making. 

5 Recent theoretical papers on complexity and the closely related topics of inattention, salience, and bounded 
rationality include Sims (2003); Reis (2006); Kleven and Kopczuk (2011); Eliaz and Spiegler (2011); Gabaix 
(2011); Köszegi and Szeidl (2013); Bordalo, Gennaioli, and Shleifer (2012); Persson (2012); Dahremöller and 
Fels (2012); Caplin and Dean (2013); and Ortoleva (2013). For laboratory experiments on these issues see, e.g., 
Wilcox (1993); Huck and Weizsäcker (1999); Gabaix et al. (2006); Cheremukhin, Popova, and Tutino (2011); 
Fochmann and Weimann (2011); Kalayci and Serra-Garcia (2012); Crosetto and Gaudeul (2012); and Sitzia, 
Zheng, and Zizzo (2012).

6 For related papers studying nonsalient aspects of consumer products, e.g., shipping costs on eBay, see Gabaix 
and Laibson (2006) and Brown, Hossain, and Morgan (2010). 
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(Samuelson and Zeckhauser 1988; Kahneman, Knetsch, and Thaler 1991; Fleming, 
Thomas, and Dolan 2010).

A sizable literature—going back to at least Mill (1848)—analyzes how the com-
plexity of the tax system or the salience of particular taxes affects the political econ-
omy of taxation and hypothesizes that tax complexity leads to a misperception of 
taxes which, in turn, affects voters’ attitudes toward taxation and the appropriate 
size of the government.7 While our paper does not focus on the political economy of 
taxation, our experiment provides evidence that increasing the complexity of the tax 
code leads to less accurate perceptions of tax incentives which is in line with one of 
the mechanisms posited in the “fiscal illusion” literature.

At a broader level, our study adds to a growing literature documenting the effects 
of framing on decision-making as the change in complexity across treatments in 
our experiment can be construed as a change in the framing of the decision problem 
given that we leave the economic environment unchanged across treatments.8 In line 
with our findings, Fehr and Tyran (2001) document—in the context of an experi-
ment on money illusion—that individuals underreact to a price change when the 
framing of the decision problem is in nominal terms, thus shrouding the underlying 
real incentives. You and Zhang (2009) provide correlational evidence that inves-
tors underreact to annual SEC reports; underreaction is stronger for more complex 
reports as proxied by a word-count.9

In a world in which individuals can react optimally to complex incentives, tax 
complexity gives the social planner more tax instruments and thus more degrees of 
freedom to maximize social welfare. In this spirit, the social planner in a Mirrleesian 
world (Mirrlees 1971) or in the models used in the new dynamic public finance 
literature (e.g., Golosov, Tsyvinski, and Werning 2007) can set a highly nonlin-
ear income tax schedule. Our experiment shows that introducing more complexity 
comes at a cost: facing a complex tax schedule, fewer subjects choose the pay-
off-maximizing level of output. This implies that tax complexity has both compli-
ance and “decision quality” costs and that these costs need to be taken into account 
in welfare calculations. In the political discourse, there has been an ongoing debate 
to reduce tax complexity in a number of countries.10

7 In recent contributions to this literature, Cabral and Hoxby (2012) provide evidence that lower salience of the 
property tax is associated with higher property tax rates. Sausgruber and Tyran (2005) conduct a laboratory experiment 
on the effects of direct versus indirect taxation and find that less “visible,” indirect taxation leads to an underestimation 
of the tax burden. Wagner (1976) provides evidence consistent with the hypothesis that citizens’ perception of the cost 
of government are distorted in more complex tax systems (see also Pommerehne and Schneider 1978). 

8 Put differently, the treatments differ primarily in “perceived” complexity (Wagner 1976) as opposed to “fun-
damental” complexity as CT features a complex representation of a tax system that is economically almost identical 
to the one in ST. 

9 For more evidence on the psychology of framing effects, see Tversky and Kahneman (1981) and Tversky and 
Kahneman (1986). Complementary to our findings, DellaVigna and Pollet (2009) and Hirshleifer, Lim, and Teoh 
(2009) document underreactions to earnings announcements when investors face higher information load. Carlin, 
Kogan, and Lowery (2013) conduct a laboratory experiment in which increasing asset complexity leads to less trade 
volume in an experimental asset market. 

10 See Rohaly and Gale (2004) and Gravelle and Hungerford (2012) for a discussion of proposals to simplify 
the tax code in the United States. Sunstein (2011) discusses several examples of recent US governmental regulation 
and describes how simplification could improve regulatory outcomes. Our paper implies that a simplification of the 
tax code will affect the behavioral response to taxation (and increase the response to tax reforms) beyond any direct 
effects on compliance costs which are typically the primary focus of analyses of tax simplification. Attempts to sim-
plify the tax code, e.g., by eliminating deductions, are politically challenging as groups who benefit from particular 
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In addition to documenting the costs of tax complexity, our findings can also help 
to inform how complexity can be explicitly used as a tool by policymakers.11 A key 
take-away of our study is that high levels of complexity of an existing tax system 
reduce the responsiveness to new (tax) policies. Reducing the response to taxation 
is desirable if the goal is to shroud the economic impact of the tax, for instance 
if the efficiency costs of taxing a good are large due to a high price elasticity.12 
But it could be harmful in the case of a tax on a socially undesirable activity, e.g., 
polluting. As some subjects are particularly strongly affected by complexity in our 
experiment and cognitive ability predicts underreaction to new incentives in CT, 
obfuscation (or simplification) could be used to design screening devices, e.g., to 
target welfare programs (Congdon, Kling, and Mullainathan 2011).

The rest of the paper is organized as follows. Section I describes the design of the 
experiment. We present results in Section II. We discuss a framework to organize 
our results in the Section III. The last section concludes.

I.  Experimental Setup

A. Overview

In our experiment, subjects work on a real-effort task in a setting that mimics a 
progressive tax system. Subjects have to move sliders on the screen and get a piece 
rate for each correctly positioned slider. They also have to pay taxes and receive sub-
sidies depending on the total number of sliders they position. We implement a task 
that was developed by Gill and Prowse (2011, 2012). During the task, subjects see a 
single screen showing 48 sliders (see Figure 1). Subjects can adjust the position of 
each slider in a range from 0 to 100. Output is defined as the number of sliders posi-
tioned at exactly 50. This task is attractive because it is remarkably simple and does 
not require preexisting knowledge or mathematical skills. Moreover, there is little 
randomness in output and little room for guessing. While Gill and Prowse (2012) 
let their subjects only use the mouse, we also allow them to use the keyboard, which 
reduces the real-effort cost drastically (for at least 85 percent of subjects effort costs 
are so small that choosing the payoff-maximizing number of sliders in the main part 
of the experiment would be optimal, see Appendix A for details). The aim of the 
task is mainly to make the decision situation less abstract and psychologically more 
meaningful.

In three rounds, subjects decide how many sliders they want to position. They see 
the tax rules that apply to their decision, commit to a number of sliders, and then 
position the committed number. The only difference between the three rounds is 
that one additional tax rule is introduced after each round. All previously applicable 

provisions have strong incentives to oppose simplification. An analysis of previous attempts to simplify the tax code 
shows only limited success (e.g., Blumenthal and Slemrod 1992 and Slemrod 1992). 

11 See also Kleven and Kopczuk (2011) and Goldin (2012) who propose several intriguing ways in which com-
plexity and salience can be used as policy instruments to achieve social goals. 

12 More generally, this is in line with the theory of the second best (Lipsey and Lancaster 1956): If there exists 
one distortion in the economy, for instance, a distortive income tax system, it can be optimal to introduce an addi-
tional distortion, such as tax complexity, even when that distortion comes itself at a cost. 
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rules remain valid. Subjects can be in one of two treatments, the simple treatment 
(ST) or the complex treatment (CT). The only difference between the treatments is 
the number of tax rules in the first round (and therefore in the following rounds). If 
one defines a single rule as a linear tax that applies to a sequence of adjacent sliders, 
the tax schedule in the first round of ST contains two rules; the one in CT contains 
22. The tax schedules B and C each add one additional so-defined rule. The decision 
environment in CT is thus much more complex than in ST. The number of sliders 
that maximize payoff and the marginal payoff around this payoff optimum is, how-
ever, identical across treatments. The newly introduced tax rules are also identical 
across treatments.

Figure 2 displays the marginal taxes subjects face in ST (see Figure 4 and online 
Appendix C for the exact wording of all tax schedules). The horizontal line denotes 
the baseline piece rate subjects receive for each slider. The dashed line furthest to 
the right (long dashes) shows marginal taxes including all taxes and subsidies for 
the first round of ST. Monetary payoff is maximized at the point where the baseline 
piece rate and the schedule of marginal taxes intersect, here at 58 sliders; the net 
payoff for each additional slider is negative.
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Figure 1. Schematic Representation of a Slider (Gill and Prowse 2011)

Figure 2. Marginal Taxes for Different Tax Schedules in Simple Treatment

Notes: The figure displays marginal taxes and the piece rate per slider in schedules A, B, and C in the simple treat-
ment as a function of sliders positioned correctly on the x-axis. The horizontal line indicates the piece rate per slider 
and the other three dashed lines denote marginal taxes under the different schedules. The dashed vertical lines indi-
cate the number of sliders at which payoffs are maximized for a given tax schedule.
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In the two subsequent rounds, additional taxes or subsidies that have constant 
levels per unit of output are levied while the progressivity of the tax system is not 
changed. This leads to parallel shifts of the marginal tax schedules. Schedules B 
(medium dashes) and C (short dashes) in Figure 2 display the marginal taxes that 
subjects in the simple treatment face in rounds 2 and 3. The number of units of output 
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Figure 3. Marginal Taxes for Different Tax Schedules in the Complex Treatment

Notes: The figure displays marginal taxes and the piece rate per slider in schedules A, B, and C in the complex treat-
ment (dashed lines) as a function of sliders positioned correctly on the x-axis. The horizontal line indicates the piece 
rate per slider; the three dashed lines denote marginal taxes under the different schedules in the complex treatment. 
For comparison, the three dotted lines denote marginal taxes under the different schedules in the simple treatment. 
The dashed vertical lines indicate the number of sliders at which payoffs are maximized for a given tax schedule.

Figure 4. Screenshot of the Tax Schedules for Round 1 in ST
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that maximize an individual’s payoff are 42 for schedule B, and 25 for schedule C. 
All subjects in ST face schedule A in the first round. We randomize the order in 
which subjects in ST face schedules B and C so that half of the subjects in ST face 
the tax schedules in the order A-B-C and the other half in the order A-C-B.

The key difference between the complex treatment and the simple treatment is that 
a number of additional tax and subsidy rules are in place, some of which are in place 
for a limited range of output (see Figure 5 and online Appendix C). Schedule “CT A” 
in Figure 3 displays the marginal taxes subjects in CT face in the first round.13

The additional rules implemented in the second and third round of the experi-
ment do not differ between the complex and simple treatment and only differ across 
subjects depending on the order of tax schedules that was assigned (like in ST, we 
randomize the order as A-B-C or A-C-B). This allows for an analysis of how the 
introduction of the same additional tax rule can have differential effects depending 
on the initial complexity of the tax schedule.

We have designed the tax schedules in CT and ST to be as similar as possible to 
each other in terms of economic incentives while still changing the level of com-
plexity. The dotted lines in Figure 3 depict the tax schedules in ST. One can see that 
the tax schedules in CT are perturbations of the schedules in ST. Firstly, the number 
of units of output that maximize payoff in schedules A through C are identical across 

13 We chose a relatively high level of complexity in CT to approximate the highly complex tax systems in the 
real world. Moreover, we wanted a notable difference in complexity between ST and CT to eliminate any doubt 
whether CT is indeed more complex than ST. Result 1, is a further “first-stage” check whether our treatment manip-
ulation of the level of complexity worked as intended. 

Figure 5. Screenshot of the Tax Schedules for Round 1 in CT
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the complex and the simple treatment. Secondly, the total payoff generated at each 
respective payoff optimum is also identical in both treatments (schedule A: 3,364; 
schedule B: 1,764; schedule C: 625). Lastly, the changes in the marginal tax around 
the payoff-maximizing points for each schedule are also identical across treatments. 
As Figure 3 shows, the tax schedules in both treatments are locally identical in a 
neighborhood of at least four units of output around the payoff-maximizing points 
for each schedule (even though many more rules need to be taken into account in the 
complex treatment). This implies that local deviations from the payoff-maximizing 
choice are as costly in the simple as in the complex treatment. An overview of the 
tax parameters in the two treatments is given in Table 1.

Our experimental design is further motivated by the choice-theoretic framework 
for welfare analysis for nonstandard decision-makers developed in Bernheim and 
Rangel (2009). The problem they address is how to infer bounds on preferences that 
can be used for welfare analysis if behavior is not always fully rational. Bernheim 
and Rangel identify assumptions (“refinements”) that can make such bounds tighter 
when there are theoretical grounds or evidence based on which behavior in some 
circumstances is more informative about underlying preferences than behavior in 
others. In our experiment, we can use two methods to uncover the “true” preferences 
for welfare analysis. Since we know the payoff function, we can take the theoreti-
cally possible earnings as benchmark to calculate the forgone earnings in CT. We 
could also take realized choices in ST as benchmark treating it as a measure of what 
a subject can realistically be expected to achieve in this setting.

B. Timeline

At the beginning of the experiment, subjects are familiarized with the task. They 
then face several control questions that test whether they understand their potential 
payoff for a given number of correctly positioned sliders in several hypothetical tax 
and subsidy regimes. These tax regimes confront subjects with increasing marginal 
tax rates (as in the main part of the experiment) and teach subjects to focus on the 

Table 1—Parameters of the Tax Schedules in the Simple and Complex Treatment

Payoff-maximizing  
number of sliders

Round
Number of  

applicable rules

Order of schedules Increase in marginal  
tax per sliderA-B-C A-C-B

Panel A. Simple treatment 
1 2 58 58 2
2 3 42 25 2
3 4 25 42 2

Panel B. Complex treatment
1 22 58 58 2
2 23 42 25 2
3 24 25 42 2

Notes: We define a rule as a linear tax that applies to a sequence of adjacent sliders. The 
increase in the tax per slider in the complex treatment is measured in a neighborhood of at least 
four sliders around the payoff-maximizing number of sliders.
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marginal tax when trying to find the payoff-maximizing number of sliders. This 
point is also reiterated in the instructions. Subjects can only continue once they 
answered all control questions correctly.

Main Part of the Experiment.—At the beginning of the main part of the exper-
iment, subjects are informed that they have 10 minutes to read the rules on which 
their payment for the first round of the experiment is based, and then need to explic-
itly commit to a number of sliders (between 0 to 96) they will position correctly in 
this round of the experiment. A reminder of the time limit is briefly shown after nine 
and a half minutes. Subjects can make a choice after the time is over but they cannot 
see the tax rules anymore. After subjects have committed to a number of sliders, 
they start working on the slider task until they reach the specified number of sliders. 
Subjects do not get feedback about their resulting earnings; this happens only at the 
very end of the experiment. In the second and third round, subjects are informed that 
all rules from the previous round are still in place and that they have four minutes to 
read the one additional rule that will affect their earnings in this round and to com-
mit to a number of sliders (a reminder is again shown 30 seconds before this time 
limit). All previous rules are also displayed.

Productivity Test and Questionnaire.—After the final round, subjects take part in 
a test of their productivity on the slider task. They are paid a constant piece rate of 
2 points per slider and can work for a total of up to 15 minutes without having to 
specify the number of sliders they will position in advance. After the productivity 
test, subjects are told their combined earnings from all three rounds and from the 
productivity test. Finally, subjects answer a brief questionnaire in which we elicit 
some demographic information, conduct a test of cognitive reflection (based on 
Frederick 2005), and ask some questions about subjects’ behavior in the experiment.

C. Procedural Information

A total of 277 subjects participated in the experiment, which was conducted at 
the CeDEx laboratory at the University of Nottingham. As we expected a higher 
level of dispersion of decisions in CT, we randomly assigned 197 subjects into CT 
and 80 into ST to increase the statistical power of our analysis. The experiment was 
implemented using z-Tree and ORSEE (Fischbacher 2007; Greiner 2004). Subjects 
received a show-up fee of £2.50; points earned in the experiment were converted 
into cash at a rate of 1p per 7 points. If the total number of points aggregated across 
all rounds of the experiment was negative for a participant, only the show-up fee was 
paid (subjects were not told this last piece of information explicitly). The average 
payment per subject was £9.02 (approximately USD 14 or EUR 10.50 at the time of 
the experiment). The average duration of the experiment was 50 minutes.

II.  Results

In this section, we present results of the experiment and discuss possible expla-
nations for the observed behavior. Before we discuss the main results, we verify 
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whether our treatment manipulation was able to effectively increase the complexity 
of the situation.

Result 1: Subjects’ choices are influenced by the level of complexity. Choices in 
the complex treatment are more spread out and thus, on average, further away from 
the payoff-maximizing choice. As a consequence, subjects in CT earn less money.

Figure 6 depicts histograms of the choices for schedule A in the two treatments. 
34 percent of subjects in ST choose exactly the payoff-maximizing output level. In 
contrast, only 1.7 percent of choices in CT are payoff-maximizing. Moreover, the 
choices of subjects in CT are generally further away from the payoff-maximizing 
number. This translates into substantially lower earnings for subjects in CT as the 
histograms of subjects’ earnings in Figure 7 document. The median subject in ST 
earns 98 percent of maximally attainable earnings and total earnings are 23.0 percent 
lower in CT than in ST (we provide more summary statistics about performance by 
treatment in Table 6 in online Appendix B).

Table 7 in the online Appendix shows that these differences in behavior are highly 
significant in a regression framework with a set of control variables and the following 
dependent variables: a dummy which equals 1 if the subject chose the payoff-max-
imizing output level in a given round; the absolute distance to the payoff-maximiz-
ing choice for each decision; and subjects’ earnings from each decision. Subjects 
in CT are less likely to choose the optimum, are generally further away from the 
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optimum and earn less money.14 At the same time, subjects are not indifferent about 
their slider choice and decisions in CT are not completely random. While having 
difficulties to find the optimum exactly, most subjects change their choice between 
rounds in the direction of the new payoff maximum (71 percent in CT compared 
to 87 percent in ST),15 though the adjustment does often not go far enough, see 
below. As a consequence, average profit is well above what one would expect under 
uniformly random choice (t-tests, all ​p  <  0.001​). Since the effort costs of moving 
the sliders are positive (if small) for most subjects, subjects who are indifferent with 
respect to the monetary rewards should choose 0. This happens only rarely; actually, 
the maximum of 96 is chosen more often than 0.

14 In the framework of Bernheim and Rangel (2009), this means that subjects in CT underperform compared to 
both of our benchmarks: they realize only 65 percent of theoretically possible earnings and 77 percent of the aver-
age earnings in ST (see also Table 6 in the online Appendix). Differences in real-effort cost of moving the sliders 
do not add to these welfare differences since the total number of sliders moved across all three rounds is not sig-
nificantly different between treatments (t-test, p = 0.290). In contrast, subjects in CT spend much longer thinking 
about their choice (see Result 5) and thus incur higher “mental” effort costs. We calculate a proxy for the time cost 
of complying with complexity in CT at around £1.16, quite considerable compared to the treatment difference in 
monetary earnings of £1.51 (see below). 

15 To derive these numbers, we take the actual choice in round ​t − 1​ and check whether a subject changed their 
output level in the direction of the payoff-maximizing level in round ​t​. If we alternatively assume that subjects 
chose or thought they had chosen the payoff-maximizing level in round ​t − 1​ and check whether their direction of 
adjustment is in line with how the payoff maximum moved, the resulting shares are very similar: 68 percent in CT 
and 86 percent in ST adjust in the correct direction. 
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These results validate our treatment manipulation and also confirm that subjects 
in general are influenced by the complexity of the decision environment. Next, we 
explore how subjects try to cope with the complex environment.

Result 2: Complexity attenuates subjects’ reaction to changes in incentives. 
Subjects in the complex treatment take their previous round’s decision as a point 
of departure and do not adjust their choice as much in reaction to new incentives as 
subjects in the simple treatment.

Figures 8 and 9 depict histograms of the change of output from round to round. 
The histograms are split by the choice order (A-B-C or A-C-B) and by treatment 
(CT or ST). The dashed line marks the optimal change in output coming from a 
payoff-maximizing output in the previous round. One can clearly see that many 
subjects in ST are able to hit this optimum while subjects in CT are less able to do 
so and often stick to their previous choice.

Also overall, subjects in CT react less than subjects in ST. In Table 2, columns 1–3, 
we take the change in output level from the previous round, i.e., from the first to 
the second and the second to the third, as dependent variable. To make the output 
changes comparable across treatments, the output change in the second decision 
in the choice order A-C-B is multiplied by −1. It is thus always optimal to reduce 

10

20

30

10

20

30

−50 0 50 −50 0 50

−50 0 50 −50 0 50

Simple, A-C-B Simple, A-B-C

Complex, A-C-B Complex, A-B-C

Pe
rc

en
t

10

20

30

Pe
rc

en
t

Pe
rc

en
t

10

20

30

Pe
rc

en
t

Output change from first to second round

Figure 8. Histogram of Output Changes from First to Second Round

Note: The dashed line marks the optimal change in output coming from a payoff-maximizing output in the  
previous round.



Vol. 7 No. 3� 15Abeler and Jäger: Complex Tax Incentives

10

20

30

10

20

30

10

20

30

−50 0 50 −50 0 50

−50 0 50 −50 0 50

Simple, A-C-B Simple, A-B-C

Complex, A-C-B Complex, A-B-C

Pe
rc

en
t

Pe
rc

en
t

Pe
rc

en
t

10

20

30

Pe
rc

en
t

Output change from second to third round

Table 2—Change in Output Level from Previous Round

Dependent variable: Change in output level  
from previous round

1 if subject chose same output  
as in previous round

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

1 if CT 5.00*** 5.00*** 5.34*** 0.09*** 0.09*** 0.09***
(1.53) (1.60) (1.72) (0.02) (0.02) (0.02)

1 if choice order A-B-C 1.00 0.91 −0.02 −0.02
(1.13) (1.62) (0.02) (0.02)

Age 1.39* 0.00
(0.73) (0.01)

1 if female 2.07 −0.02
(1.68) (0.02)

IQ measure −0.30 −0.01
(1.05) (0.01)

Constant −17.00*** −17.00*** −45.51*** 0.01 0.02 −0.04
(0.45) (0.98) (15.04) (0.01) (0.01) (0.17)

Observations 554 554 554 554 554 554

Notes: Quantile (median) regression (columns 1–3) and OLS estimates (columns 4–6). The dependent variable in 
columns 1–3 is the change in output level from the previous round; the output changes in the second decision of 
the choice order A-C-B are multiplied by −1 to make them comparable; coming from a payoff-maximizing output 
level, an output decrease is always optimal. The dependent variable in columns 4–6 is a dummy equaling 1 if the 
subject chose the same output as in the previous round. Each subject enters the regression twice, standard errors 
computed by block bootstrap clustered at the subject level are in parentheses. 

*** Significant at the 1 percent level.
  ** Significant at the 5 percent level.
    * Significant at the 10 percent level.

Figure 9. Histogram of Output Changes from Second to Third Round

Note: The dashed line marks the optimal change in output coming from a payoff-maximizing output in the  
previous round.
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the output from stage to stage (given a payoff-maximizing choice in the previous 
stage). We regress this variable on a dummy for being in the complex treatment add 
in subsequent regressions controls for the choice order (A-B-C or A-C-B) and for 
age, gender, and IQ.16 Since output choices and also changes in output choices are 
spread out over the whole range of possible choices, we use median regressions to 
limit the influence of extreme outliers. We include both output changes that a sub-
ject makes in the regression and use bootstrapped standard errors clustered at the 
individual level.

We find that subjects in CT react less strongly to new incentives. The median 
change in output by subjects in the simple treatment is −17, which is actually the 
optimal reaction if they started from a payoff-maximizing choice. The median change 
in output by subjects in the complex treatment is only −12. The positive coefficient 
for the CT dummy shows that subjects in CT react less to the new incentive. This 
difference is highly statistically significant and remains significant when we add 
controls for the choice order and an interaction of CT and choice order in column 2 
and when we additionally add controls for age, gender, and IQ in column 3.

A useful way of assessing the magnitude of the differences in reactions to new 
taxes is to calculate the ratio of reactions in CT and ST. This is analogous to Chetty, 
Looney, and Kroft (2009) who define a measure of underreaction ​θ​ as the ratio of 
(nonsalient) tax elasticities and (salient) price elasticities. Based on the results in 
column 1 of Table 2, we arrive at a ratio of reactions in CT and ST of ​θ  =  0.706,​ 
implying that the impact of new taxes is attenuated by about 30 percent in CT. One 
way to benchmark this attenuation against the magnitude of the increase in com-
plexity is to consider the increase in the number of rules which increases tenfold 
from 2 to 22. A different quantification of the increase in complexity can be gained 
by comparing decision times, which we analyze in more detail below. The median 
subject in the first round of CT takes about 2.8 times as long to reach a decision as 
the median subject in ST, suggesting that complexity in CT is about 3 times as high 
as in ST.

We also explore whether complexity affects subjects’ tendency to completely 
ignore the change in incentives across rounds. A spike at zero in the complex treat-
ment is clearly visible in Figures 8 and 9. We can also show this effect in a regres-
sion analysis.

Result 3: Subjects in the complex treatment are less likely to react to the change 
in incentives at all and more likely to leave their previous output choice unchanged.

In Table 2, columns 4–6, the dependent variable is a dummy that equals 1 if a sub-
ject chose the same output as in the previous round. The estimates show that subjects 
in ST almost never choose the same output as in the previous round. This happens 

16 We combine three sets of information to derive our measure of IQ. We know subjects’ math grade in their final 
high school year. It has been shown that math grade correlates highly with Spearman’s g, the quantity that IQ-tests 
aim to measure (Deary et al. 2007). Subjects also complete the Cognitive Reflection Test which also correlates with 
IQ (Frederick 2005). Finally, subjects answer a set of questions to test their financial numeracy (similar to the ones 
in Gerardi, Goette, and Meier 2010). Our measure of IQ is the principal factor of a factor analysis of these three 
variables, standardized to have mean 0 and standard deviation 1. 
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only once out of the 160 output changes in ST (0.6 percent of output changes). 
In contrast, 9.1 percent of output changes in CT equal zero. These treatment dif-
ferences are highly significant and robust to the inclusion of the aforementioned 
control variables.

Note that our design makes it hard to detect such an effect: choosing the same 
level of output as in the previous round cannot be driven by a mechanical default 
effect as subjects had to actively enter a choice. The high frequency of this extreme 
form of underreaction also speaks against a simple decision-error explanation for 
the attenuated reaction to incentives (Result 2), e.g., some subjects in CT deciding 
randomly each round which would also attenuate the average reaction to incentive 
changes. Our results show that increased background complexity can trigger sta-
tus-quo effects (e.g., Samuelson and Zeckhauser 1988).

To shed light on these status quo effects, we regress the time subjects in CT 
needed for their decision making in a given round on a dummy variable indicat-
ing whether a subject chose the same output level as in the previous one. Subjects 
who did not adjust their output choices across rounds took on average more than 
one minute less to make their decision than subjects who changed their output in 
response to a change in taxes. This suggests that the status-quo effect we document 
in the complex treatment is driven by subjects ignoring the new rule.

Most of the underreaction is driven by the fact that more subjects in CT do not 
change their output at all. When we repeat the regressions of Table 2, columns 1–3, 
restricting the sample to subjects who changed output levels from round to round, 
the point estimates are much smaller at 2 (columns 1 and 2) and 3.67 (column 3).17 
At around half of the effect size measured for the whole sample, these effects in the 
restricted sample are still sizable and positive but mostly not significant.

As noted above, if subjects change their output level, they most often change it 
(in both treatments) in the direction of the new payoff maximum. If it is cognitively 
simpler to know how to qualitatively respond to a change in incentives than to know 
the optimal response, this is what one would expect.

In the experiment, the order of tax changes subjects face was randomized: half 
of the subjects face an additional tax of 66 points per sliders in the second round 
(choice order A-C-B); the other half face an additional tax of 32 points per slider 
in this round (A-B-C). Therefore, the monetary costs of ignoring the tax rule intro-
duced in the second round differ depending on the choice order (1,087 points for 
ignoring the larger tax versus 256 points for ignoring the smaller tax). Most theories 
of bounded rationality feature some variant of rational inattention implying that 
information is more likely to be ignored if it is less relevant for decision-making 
(e.g., Sims 2003; Gabaix 2011; Chetty 2012). Our design allows us to shed some 
light on this prediction by studying whether the smaller tax change is more likely to 
be ignored than the larger one. Surprisingly, we do not find evidence for this.

17 The results of these regressions are reported in Table 8 in the online Appendix. Note that we condition on an 
outcome variable in these specifications. 
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Result 4: Subjects in the complex treatment are equally likely to ignore small and 
large incentive changes.

In Table 3, we regress a dummy that equals 1 if a subject chose the same output 
in the second and the first round of the experiment on a dummy indicating whether 
the subject faced a large tax change in the second round, i.e., whether the subject 
was in choice order A-C-B. We restrict the sample to CT as almost no subject in ST 
left their output level unchanged. We find a positive point estimate of 5.0 percentage 
points implying that the larger tax change is ignored more often. The estimate is, 
however, not significant and stays insignificant when we add the controls mentioned 
above so that we cannot reject that both tax changes are equally likely to be ignored. 
Overall, we interpret the results of this exercise as evidence not in line with rational 
inattention as the 95 percent confidence interval ranges from −0.025 to 0.125 and 
we can thus reject even quite small negative effects.

In addition to the actual choice, we also measured how long subjects needed for 
their decision.

Result 5: Subjects in CT take longer for the first decision than subjects in ST. This 
difference is much smaller for the second and third decision.

Figure 10 shows the cumulative distributions of decision times of subjects in CT 
and ST. The top panel shows the time in the first round. In this round, subjects had 
600 seconds to make a choice; a reminder of this time limit was briefly shown after 
570 seconds. Subjects could make a choice after the time was over but they could 
not see the tax rules anymore. The lower panel shows decision times in the second 
and third round. Here, the rules were masked after 240 seconds and a reminder was 
shown after 210 seconds.

Table 3—Effect of the Magnitude of Incentive Change

(1) (2)

Dependent variable: 1 if subject chose same output in first and second round

1 if choice order A-C-B 0.05 0.05
(0.04) (0.04)

Age 0.01
(0.01)

1 if female −0.07*
(0.04)

IQ measure −0.02
(0.02)

Constant 0.06*** −0.09
(0.02) (0.25)

Observations 197 197

Notes: OLS estimates. The sample is restricted to the complex treatment. The dependent vari-
able is a dummy equaling 1 if the subject chose the same output as in the previous round. 
Bootstrapped standard errors are in parentheses. 

*** Significant at the 1 percent level.
  ** Significant at the 5 percent level.
    * Significant at the 10 percent level.
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One would expect that subjects react to a more complex environment by thinking 
longer about their decision. This is indeed the case for the first round. As one can see 
from Figure 10, subjects in CT take, on average, more than twice as long as subjects 
in ST (511 seconds versus 225 seconds). Table 4 shows that this difference is highly 
significant (column 1) and remains significant if we control for the additional vari-
ables described above (columns 2 and 3). This understates the true underlying need 
for additional time, as many subjects in CT are forced to shorten their deliberation 
time and to make a choice once they reach the end of the allotted time. In contrast, 
average decision times in the second and third round are more similar between treat-
ments. The difference in the second round is still significant (columns 4–6); the dif-
ference in the third round is yet smaller and not significant anymore when including 
controls (columns 7–9).

The differences in decision times between ST and CT allow for a computation 
of a measure of complexity based on compliance costs (Slemrod 1984). Taking the 
median difference of 366 seconds of decision time between ST and CT in the first 
round as an indicator of complexity of the tax schedule that subjects initially face 
in CT, one can calculate a money metric measure of decision time by valuing the 
additional time that subjects in CT spend with the payoff per unit of time that sub-
jects earn in the experiment. Based on this calculation, the compliance costs of CT 
relative to ST would be estimated to be in the order of £1.16 (or USD 1.92) in the 
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first round.18 To put this number in perspective, overall earnings are £1.51 lower in 
CT due to the reduction in decision quality. In our experiment, the decision quality 
costs—as measured by earnings differences between treatments—are thus in the 
same order of magnitude as a measure of compliance costs based on decision time. 
Applied to real tax systems, this suggests that compliance cost measures will under-
state the overall costs of tax complexity.

To shed light on what mechanisms could underlie the effects of complexity that 
we have documented, we analyze whether some subjects are more strongly affected 
by complexity than others.

Result 6: Subjects with a lower IQ measure react less to incentive changes in CT. 
Subjects in CT who choose output levels further away from the payoff optimum in 
the first round are more likely to ignore tax changes in the following rounds.

We focus on cognitive ability as one potential source of heterogeneity in sub-
jects’ reaction to complex tax incentives. In columns 1–3 of Table 9 in the online 
Appendix, we take up the specifications in Table 2 and additionally include an inter-
action of IQ with CT. In all specifications, we find that subjects with a lower IQ 
underreact significantly more in the Complex Treatment, indicated by the negative 
interaction effect. IQ does not have a significant effect on the change in output in 
ST. The magnitude of the effect of IQ in CT is large: given that the baseline effect 
of IQ is close to 0 in ST, a 2 standard deviation increase in the IQ measure in CT 

18 The median subjects earned £9.50 and stayed for about 50 minutes in the lab. This leads to a time cost of 
366/(50*60)*£9.50 = £1.16 for 366 seconds. As described above, decision times in the second and third round did 
not differ very much and thus do not add considerably to the treatment difference in compliance cost. 

Table 4—Decision Time

Dependent  
variable:

Decision time  
first round

Decision time  
second round

Decision time 
third round

(1) (2) (3) (4) (5) (6) (7) (8) (9)

1 if CT 285.5*** 285.5*** 277.8*** 30.3*** 30.2*** 28.4** 17.4* 17.3* 13.7
(17.0) (17.0) (17.9) (10.8) (10.9) (11.2) (10.0) (10.0) (9.9)

1 if choice order  
  A-B-C

−7.2 −6.7 −9.9 −10.8 −9.7 −10.1
(16.7) (16.4) (10.3) (10.4) (10.2) (10.2)

Age 1.1 −2.7 0.3
(4.4) (3.3) (3.5)

1 if female −18.9 −17.6 −23.0**
(16.5) (11.2) (10.6)

IQ measure 23.1*** 2.6 7.7
(8.5) (5.5) (5.1)

Constant 225.2*** 228.8*** 221.5** 153.1*** 158.0*** 221.3*** 117.8*** 122.6*** 130.6*
(13.7) (15.1) (91.2) (8.6) (10.6) (67.9) (7.7) (9.9) (69.9)

Observations 277 277 277 277 277 277 277 277 277

Notes: OLS estimates. The dependent variable is the time subjects took to decide in the three rounds of the experi-
ment (measured in seconds). Standard errors computed by block bootstrap are in parentheses. 

*** Significant at the 1 percent level.
  ** Significant at the 5 percent level.
    * Significant at the 10 percent level.
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has an effect of the same order of magnitude as CT itself. In columns 4 to 6 of the 
same table, we document the effects of IQ on the likelihood of not reacting to a new 
tax rule at all. Here, IQ does not have a significant impact in either treatment; the 
point estimates in all specifications indicate, however, that low-IQ subjects in CT are 
slightly more likely to entirely ignore a new tax rule.19

Note that our IQ measure is a combination of math grade and answers to the 
Cognitive Reflection Test and to a numeracy test (see footnote 16). It might, thus, 
not fully capture the aspects of cognitive ability that are most important in our 
experiment, and measurement error plausibly biases the coefficients of IQ and its 
interactions downward. An alternative measure that is more closely related to how 
subjects react to new taxes in our experiment is the distance of a subject’s output 
in the first round to the optimal output level, i.e., a measure of their within-round 
decision quality. As can be seen from column 6 in Table 7 in the online Appendix, 
IQ and distance to the optimal output level are highly correlated. Since this mea-
sure might be mechanically linked to overall round-to-round reaction, we focus on 
whether subjects change their output at all. In columns 1 and 2 of Table 5, we regress 
a dummy variable indicating whether a subject chose the same output level as in the 
previous round on the distance to the payoff-maximizing choice in the first round (as 
almost all subjects in ST change their choice of output from round to round we con-
fine our analysis to subjects in CT). The regressions reveal that subjects who choose 
output levels further away from the payoff optimum in the first round are more 
likely to ignore tax changes in the following rounds. A 1 standard deviation increase 
in the distance to the payoff optimum in the first round leads to a 3.8 percentage 
point increase in the likelihood of ignoring a tax change in one of the following 
rounds (coefficient of 0.0025, sd of 15.22), about a third of the overall treatment 
effect. We also observe within-subject persistence in the proclivity to ignore tax 
changes: in columns 3 and 4 of Table 5, we regress a dummy variable indicating 
inaction between rounds 2 and 3 on a dummy for inaction between rounds 1 and 2. 
We find that subjects who ignored the first tax change entirely were more likely to 
also ignore the tax change in the last round of the experiment: 41.2 percent of the 
subjects who stick to their choice from the first to the second round also do so for the 
third round. Of the subjects who change their decision from first to second round, 
only 6.7 percent leave their choice unchanged for the third round.

Overall, our two measures, IQ and distance to the optimum in round 1, provide 
converging evidence that cognitive ability is an important dimension of heterogene-
ity in the response to tax complexity in our experiment.20

19 Higher IQ subjects also obtain higher earnings in the experiment, but the significance level and magnitude 
of this result depends on the exact specification. Splitting the sample at the median of the IQ measure shows a 
strong positive effect of IQ in both ST and CT (see Table 6 in the online Appendix). The difference is statistically 
significant in both cases ( ​p  =  0.0049​ and ​p  =  0.0320​ , respectively, in Wilcoxon rank-sum tests). If we regress 
overall earnings directly on IQ and a number of control variables, we similarly find positive point estimates, but the 
effect is at most weakly significant (see Table 7 in the online Appendix, column 9). When we consider earnings in 
the first period as outcome variable (Table 10 in the online Appendix), we find a positive baseline effect of IQ but 
actually a negative interaction term of IQ and CT. This interaction term is, however, not precisely estimated and the 
point estimate for the overall effect of IQ on earnings in the first round of CT, i.e., the sum of the baseline and the 
interaction effect, is small but positive. 

20 While we focus on cognitive ability, other dimensions of unobserved heterogeneity might also be import-
ant for the response to tax complexity. Heckman, Stixrud, and Urzua (2006), for example, have documented the 
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III.  Discussion

One way of conceptualizing how people deal with complex decision environ-
ments is to posit that they only pay attention to a subset of the available information. 
Below, we outline a very simple framework that is able to capture this intuition and 
is in line with our data. For our experiment, it is most natural to define complexity 
as a function of the number of tax rules in place. To fix ideas, we define a single rule 
as a linear tax or subsidy which applies to a sequence of adjacent sliders (the idea 
of our framework does not depend on the exact definition of a rule, as long as CT 
retains more rules than ST). Under this definition, tax schedule A of ST consists of 
two rules and tax schedule A of CT consists of 22 rules. Tax schedules B and C each 
add one additional rule.

We assume that a subject has a capacity to pay attention to ​k​ tax rules out of the 
total of ​N​ rules. All of these k rules are used in a fully rational way when making 
the decision. The remaining ​N − k​ rules are completely ignored. This sharp drop in 
attention at ​k​ is similar to models of consideration sets (Eliaz and Spiegler 2011) or 
sparsity (Gabaix 2011). We cannot observe how the rules are chosen; this could be 
done according to many criteria, for example, according to the salience of particular 
rules.21 Every criterion induces an ordering on the ​N​ rules. The top ​k​ rules of the 
ordering form the consideration set. If a new rule is introduced, it is integrated into 
the ordering; again, the top ​k​ rules are then chosen.

importance of noncognitive skills. With regard to tax complexity, a personality trait such as tenacity or grit (e.g., 
Duckworth et al. 2007) would be a plausible candidate for predicting how thoroughly an individual strives to under-
stand his or her tax incentives. 

21 This could include the length of each rule’s text, the size of the taxes levied, some sort of cost-benefit analy-
ses, etc. For recent economic models of salience, see, e.g., Bordalo, Gennaioli, and Shleifer (2012) or Köszegi and 
Szeidl (2013). The ordering of rules could also be randomly chosen, but would then be fixed. 

Table 5—Within-Subject Correlation of Behavior in the Complex Treatment

Dependent variable: 1 if subject chose same  
output as in previous round

1 if subject chose same 
output in rounds 2 and 3

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

Distance to payoff-maximizing choice (round 1)/100 0.25** 0.25**
(0.12) (0.13)

1 if subject chose same output in rounds 1 and 2 0.35*** 0.36***
(0.12) (0.12)

Constant 0.04 0.03 0.07*** 0.16
(0.03) (0.20) (0.02) (0.18)

Control variables No Yes No Yes

Observations 394 394 197 197

Notes: OLS estimates. The sample is confined to individuals in the complex treatment. Control variables are choice 
order, age, gender, and IQ. Each subject enters the regression twice for columns 1 and 2; standard errors computed 
by block bootstrap are in parentheses and are clustered by subject in columns 1 and 2. 

*** Significant at the 1 percent level.
  ** Significant at the 5 percent level.
    * Significant at the 10 percent level.
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If we assume that ​4  ≤ ​ k​ i​​  <  22​ for all subjects ​i​ and that all possible order-
ings are chosen with positive probability in the group of subjects, this framework 
is in line with the main results of our experiment. For ​​k​ i​​  ≥  4​ , subjects in ST will 
choose the payoff-maximizing output level as the tax schedules in ST contain a 
maximum of four rules. The median subject in ST indeed fares quite well at finding 
the payoff-maximizing output level.22 Assuming that ​​k​ i​​  <  22​ and that all possible 
orderings are chosen with positive probability ensures that at least some participants 
in CT (if the number of subjects is large enough) will not choose the payoff-max-
imizing output level.23 Subjects in CT will thus be, on average, further away from 
the payoff maximum and earn less profit than subjects in ST. Moreover, if a new rule 
is not included in the consideration set, the choice in this round will be identical to 
the choice in the previous round. Our framework therefore offers a natural way to 
generate a cluster of subjects who do not react at all to the new rule if the number 
of available rules exceeds the size of their consideration set (and the new rule is 
not included in the top ​k​ rules). Our empirical evidence shows that the difference 
between ST and CT is indeed mainly driven by inertia, i.e., a larger share of subjects 
who do not change their behavior compared to the previous round. Given that the new 
rules in our experiment move the optimal choice more than almost any of the initial 
rules, our framework predicts that if output is changed, it will mostly be changed in 
the direction of the new payoff maximum—which is in line with our data.

The within-person correlation of inertia that we document is also consistent with 
this framework if there is heterogeneity in ​k​: subjects with small consideration sets 
will be unlikely to include the new rule in the second round (as they are unlikely to 
include any rule) and also unlikely to include the new rule in the third round. Finally, 
if the criteria that subjects use to rank rules are not built on some sort of cost-benefit 
analysis (but rather related to, e.g., salience), the potential payoff consequences of 
considering a new rule will have no influence on the likelihood of its inclusion in the 
consideration set. Our finding that the magnitude of nonreaction to small and large 
taxes is similar points to the importance of this type of criteria. At the same time, this 
finding contrasts with most models of choice under complexity which posit at least 
some relation to incentives (e.g., Sims 2003; Gabaix 2011; Chetty 2012).

This is a very simple way to think about how subjects make choices that can 
still organize large parts of our data well. At the same time, other models will also 
be able to explain some of our data even though our results are inconsistent with 
models in which new rules become more salient relative to the existing set of rules 
as the complexity of the decision environment increases.24 The aim of this paper is, 

22 Taking the model literally, we can calculate the possible output levels that subjects with a given ​k​ would 
choose and can then assign each subjects’ actual output level to the ​k​ which generates the closest predicted output 
level. According to this procedure and depending on which choice order we consider, 53 to 59 percent of subjects 
in ST have ​k  ≥  4​ . 

23 We need the second assumption because potentially only a subset of rules influences the marginal payoff 
around the payoff maximum. For example, rules that only affect payoffs above this level could be ignored—-once 
the maximum is identified. 

24 For example, one could assume that subjects have a stock of mental resources that depletes when mental 
effort is exerted (see, e.g., Baumeister et al. 1998). The lower the mental reserves are, the higher is the marginal cost 
of thinking. Such a model could generate the lower responsiveness to new rules under complexity, the patterns in 
decision time, and within-person correlation of behavior, though it would have difficulties generating the complete 
nonresponse to new rules that we observe frequently. 
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however, not to test the many different models of choice under complexity against 
each other but rather to investigate how background complexity influences the reac-
tion to newly introduced incentives.

IV.  Conclusion

We conducted a lab experiment to test how the complexity of preexisting incen-
tives influences the reaction to changes in economic incentives. Subjects partic-
ipated in one of two treatments which confronted them with either a simple or 
complex tax system. The same sequence of additional tax rules was then intro-
duced in both treatments. We find that subjects in the complex treatment react less 
strongly to the newly introduced incentives. This is driven by a larger share of 
subjects who do not react at all. A simple framework based on consideration sets 
matches our results well.

Our findings suggest that introducing complexity comes at a cost: bound-
edly rational decision makers will not only fail to choose the payoff-maximizing 
response to nonsalient tax rules (as in Chetty, Looney, and Kroft 2009) but will also 
underreact to salient rules if the existing system is too complex. As we document 
that tax complexity lowers the responsiveness to tax changes, a social planner may 
want to use complexity as a tool to influence elasticities; depending on the respec-
tive tax, obfuscation or simplification could be optimal. As some individuals are 
more strongly affected by complexity than other, complexity could also be used as 
a screening device.

Clearly, our results—taken at face value—cannot be quantitatively translated into 
policy-relevant elasticities. So what implications can be drawn from our lab exper-
iment? First, we document that incentive complexity can be an important trigger 
of status-quo effects. This reveals a mechanism through which increasing tax com-
plexity lowers elasticities. Second, our experiment shows that there is substantial 
heterogeneity in the effect of complexity: some individuals are particularly affected 
by increasing tax complexity. This heterogeneity can be used in the design of opti-
mal policy as it can help to target policies more precisely. Third, we find no evidence 
that larger tax changes are less likely to be ignored. This casts some doubt on the 
applicability of rational inattention models in the domain of taxation; more research 
is needed to understand how individuals allocate their attention.

In future work, our experimental design could be extended to assess whether the 
effects of complexity persist if individuals can learn over time. Decision quality did 
not improve across rounds in our experiment; the time horizon of the experiment 
was, however, rather limited and subjects did not receive feedback about their per-
formance between rounds. If learning new rules takes more time in initially complex 
tax systems, diff-in-diff studies aimed at estimating taxable income elasticities based 
on changes in the tax code will underestimate “true” elasticity parameters when the 
underlying tax code is more complex. In addition to investigating the nexus between 
learning and complexity, it would be interesting to study the effects of complexity 
in an environment in which individuals can hire the service of sophisticated agents, 
such as tax consultants. While field evidence suggests that complexity may also 
affect experienced individuals (see Chetty, Looney, and Kroft 2009) with access to 
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sophisticated advice (Chetty and Saez 2013),25 understanding the role of learning 
and advice would be crucial for identifying ways to improve decision making.

Appendix

A. Real-Effort Costs

The idea behind having a real-effort task linked to the output choice was to make 
the experiment less abstract and more psychologically meaningful. At the same 
time, such a real-effort task introduces an effort cost of actually moving the sliders, 
which might be heterogenous across subjects and might influence the experimen-
tal results. It turns out, however, that in our case the real-effort costs are not big 
enough to overturn the experimental incentives, partly because subjects could use 
the mouse and the keyboard to move the sliders which reduced the required effort 
compared to, e.g., Gill and Prowse (2012). After the main part of the experiment, 
subjects faced an additional phase in which they had the opportunity to move as 
many sliders as they wanted, up to a maximum of 144 sliders, for a piece rate of 2 
points each. Two points was the marginal incentive around the optima in the main 
part of the experiment. In this free-choice phase, 82 percent of subjects work to the 
maximum, i.e., they move 144 sliders. Another 3 percent try but don’t manage to 
finish in the allotted time (15 minutes). The real-effort cost must therefore be below 
2 points per slider for the vast majority of subjects and should not hinder subjects 
from choosing the (financially) optimal effort level since this cost is lower than the 
marginal incentive around the optima. Moreover, the behavior of subjects in CT and 
ST does not differ in this phase ( p = 0.208) and subjects in CT and ST do not differ 
in their agreement or disagreement with the statement “After having decided on the 
number of sliders, actually positioning the sliders was very stressful.” ( p = 0.303). 
We conclude that the real-effort cost is too small to have influenced the effects of the 
treatment. Welfare consequences for subjects could be influenced since the real-ef-
fort costs are probably positive for most subjects. The total number of sliders moved 
across all three rounds is, however, not significantly different between treatments. In 
contrast, subjects in CT spend much more time thinking about their decision. This 
“mental” effort cost would come on top of the treatment effects we report in Table 7 
in the online Appendix.
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