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Social security systems feature complex tax and benefit rules and
limited scope for individualized counseling. We distinguish between
awareness of rules (general, static information) and computational
complexity (personalized, interactive information). We develop an
online benefit simulator and test its effects in a randomized field
experiment. Providing generalized information has no impact on
behavior, while reducing computational complexity through the sim-
ulator increases returns to work among claimants by 1.85 percent
after one year. Simulation evidence shows that work incentives
are difficult to compute and highly heterogeneous across claimants.
Our results suggest that personalization is a more effective lever
than salience in complex policy environments, pointing to a high-
return role for digital counseling tools in social insurance.

In social policy, individuals often fail to optimize against financial incentives
due to psychological frictions and informational barriers (Bhargava and Manoli,
2015; Chetty, 2012). These administrative burdens can significantly alter the
targeting and efficacy of social insurance programs (Deshpande, 2016). While
traditional informational nudges can mitigate these frictions by making adminis-
trative rules salient (Thaler and Sunstein, 2008; Chetty and Saez, 2013; Liebman
and Luttmer, 2015), salience alone may be insufficient when rules are complex
(Kleven and Kopczuk, 2011). Complexity acts as a cognitive barrier that leads
to under-reaction, even when financial stakes are high (Abeler and Jäger, 2015).
In the context of benefit-to-work transitions, claimants face a significant com-
putational burden: determining the marginal return to work requires mapping
general administrative rules onto one’s specific earnings and benefit level (Kostøl
and Myhre, 2021). In these cases, personalized interactive tools can reduce the
cognitive burden required to map these rules to an individual’s own financial
circumstances.
We test whether providing information about the financial gains from work-

ing while on Disability Insurance (DI) increases labor supply. We focus on the
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distinction between awareness of the rules (general and static information) and
computational complexity (personalized and interactive information). To isolate
the effects we randomly assign individuals entering DI, to a control group or to
receive one of two informational letters. Both letters highlight the possibility of
working while on claim and describe the two eligibility conditions. They differ
only in how they explain the benefit phase-out rule. The ”Plain Text” letter
describes the general rule using a written explanation and a stylized example.
The ”Online Simulator” letter provides access to a personalized simulator that
allows individuals to compute their total earnings (net of benefit reductions) as
a function of their specific wage and work intensity.
Using administrative data to track down work resumption, we find that gen-

eralized information alone has no detectable effect on labor supply. In contrast,
access to the personalized simulator increases work participation. One year after
the intervention, the probability of working while on claim is 1.85% higher (a 0.50
percentage point increase) among individuals assigned to the ”Online Simulator”
treatment compared to the ”Plain Text”, with a persistent effect. In the Belgian
DI system, where individuals must stop all work to qualify for the benefits, even
modest changes along the extensive margin are economically meaningful. The
divergence between the two treatment arms suggests that the effectiveness of the
intervention is not driven by salience alone. If awareness of the rules were the
primary barrier, the Plain Text letter should have produced similar results. In-
stead, our findings point to computation, personalization, and interaction as the
key drivers of work decisions. This interpretation is supported by the fact that
treatment effects are concentrated among specific groups: salaried workers (who
face a more complex phase-out mechanism), blue-collar workers, and residents of
the Walloon region.
Analysis of simulated scenarios further reveals that the financial returns to work

are highly heterogeneous and often non-monotonic. Total income, when mapped
as a function of work intensity, varies sharply across benefit and wage profiles.
The strongest incentives typically accrue to individuals with lower initial benefits
and to those using the French-language version of the tool (the language of the
Walloon region). These findings confirm that the ”math” of returning to work is
non-trivial for the average claimant, and personal situation matters. By reducing
the cognitive cost of these calculations, personalized digital tools reveal the true
value of financial incentives that general information fails to make clear.
Our experimental design builds on a nascent body of evidence comparing static

information with interactive decision aids. Kostøl and Myhre (2021) demonstrate
that informational frictions account for at least 30% of the attenuation in labor
supply responses among DI recipients, showing that explicit information about
the location of benefit kinks can double bunching probabilities. However, generic
notifications of rules can have disparate effects; Cairo and Mahlstedt (2023) find
that while generic information can actually reduce labor supply for those at low
risk of sanctions, personalized information consistently encourages employment.
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Similar evidence from the pension and job search domains suggests that inter-
active tools (Fuentes et al., 2024) and tailored online advice (Belot, Kircher and
Muller, 2019) are significantly more effective than brochures in updating beliefs
and changing behavior. In our experiment, we test whether the importance of
lack of awareness or a lack of clarity regarding an individual’s specific financial
returns as barriers to DI-to-work transitions.
From a policy perspective, the results suggest that digital instruments can be

effective in social security, because they help individuals understand how complex
tax and benefit rules translate into personal financial outcomes. The potential
for integrating these tools into social security systems as a low-cost complement
to existing policies is high, particularly in environments characterized by complex
benefit schedules and limited administrative capacity for individualized counsel-
ing.

I. The Belgian Disability Insurance System

In Belgium, individuals who meet minimum social security contribution require-
ments1 can claim Disability Benefits. Eligibility requires a complete cessation of
professional activity due to health reasons and a certified reduction in work ca-
pacity of at least 66%. For the first years of sick leave (incapacité primaire), the
first months is covered by the employers and the remaining months by their social
insurance2. For self-employed workers, disability benefits are paid as a flat-rate
amount.
After one year, if the condition persists, the treating physician must submit

a formal request to the National Institute for Health and Disability Insurance
(NIHDI) for the individual to enter Disability Insurance (DI) (invalidité). For
self-employed workers, disability benefits are paid as a flat-rate amount. For
wage earners, benefit replacement rates depend on household composition: 66%
for heads of household, 60% for single individuals, and 45% for cohabitants, with
salary caps applied.
Between 2019 and 2023, the number of salaried workers receiving DI in Belgium

increased by around 4% per year, reaching nearly half a million beneficiaries, with
an average monthly benefit of about €1,400 in 20233.
To incentivize continued labor market attachment and returns to work, the

Belgian system allows beneficiaries to perform part-time work while retaining all
or part of their disability benefit. Two conditions must be met: the activity
must be compatible with the individual’s health condition, and the individual
must maintain a certified work incapacity of at least 50%. When a beneficiary

1Have worked at least 180 days over the past year for employed workers, and have paid social contri-
butions for at least two quarters over the last 12 months (source: NIHDI).

2The Belgian social insurance companies are called ”mutuelles” and during sick leave they cover 60%
of the last earned salary, with caps applied

3Calculated by multiplying the average daily amount in 2023 (€58.92) by 24 days. Belgian disability
insurance benefits are calculated on a daily basis, assuming six compensable days per week (Source:
NIHDI)
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wishes to start part-time work, they must obtain authorization from the advisory
physician, and such activity may begin both during the period of sick leave or
after entering DI. The work while on claim scheme has existed since 1996 and
has undergone several reforms aimed at increasing financial incentives and easing
administrative procedures 4.
The most recent financial reform, implemented in 2018, modified the benefit re-

duction mechanism. For salaried workers, benefit reductions are now determined
by the share of hours worked relative to a full-time equivalent, rather than by
the level of earnings. When work intensity is below 20% of a full-time equivalent,
disability benefits are not reduced. Above this threshold, benefits are reduced by
the difference between actual work intensity and 20%. For example, an individ-
ual working 50% of full-time hours faces a benefit reduction of 30%, which can
be cumulated with labour income. For self-employed workers, benefits are not
reduced during the first six months of activity, are reduced by 10% percent for up
to three years, and are subsequently reduced only if earnings exceed a specified
cap.
Although the applicable rules are described on the NIHDI website and illus-

trated with an example, computing total income when combining work and dis-
ability benefits can be non-trivial, particularly for salaried workers. The total
income will also crucially depend on the new earnings capacity of the DI benefi-
ciaries, which might be lower than before they became ill.

II. Setting and Research Design

In collaboration with the Belgian National Institute for Health and Disability
Insurance (NIHDI), we developed an interactive online simulator and designed a
randomized field experiment5 to test whether reducing the computational bur-
den of benefit rules increases returns to work. Before the experiment, individuals
entering DI received a standard notification letter informing them of their enroll-
ment in the DI program. The experiment consisted of modifying this pre-existing
communication by adding information on the possibility and rules of working
while on claim.
Individuals in the control group received the standard notification letter. In-

dividuals in the two treatment arms received the same letter with an additional
colored box containing information about part-time work while on disability. The
first treatment arm (Plain Text) provided written information on the existence of
the part-time work program, a description of the benefit reduction rules, a styl-
ized example, and the eligibility conditions for applying. The second treatment
arm (Online Simulator) replaced the description of the benefit reduction rules and
the stylized example with a link to an online simulation tool. Appendix Figure 1

4Since 2013, beneficiaries may resume part-time work with their employer without prior authorization
from the advisory physician, provided that notification is submitted no later than the day before returning
to work.

5This study was pre-registered in the AEA RCT Registry, ID: AEARCTR-0006704
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displays the two treatment letters, and Appendix Figure 2 presents a screenshot
of the online simulator.
The design allows us to distinguish between two potential frictions and test com-

peting hypotheses on the barriers to re-employment. First, we test whether the
primary obstacle is a lack of awareness regarding financial benefits (Hypothesis
1), by comparing the ’Plain Text’ treatment group to the control group. Because
social security tax incentives are often non-trivial, particularly the mechanics of
phase-out rules and their application to individual income across varying levels
of work intensity, we also investigate whether computational complexity prevents
individuals from internalizing these incentives (Hypothesis 2). We test this by
comparing the ’Online Simulator’ group to the ’Plain Text’ group. Since both
treatment arms provide identical institutional information and eligibility criteria,
any differential effect between the Simulator and Plain Text groups can be at-
tributed to the reduction in computational complexity rather than the provision
of information per se.
The simulator allows beneficiaries to enter their benefit level, intended work

intensity, and expected earnings. Based on these inputs, the tool computes total
earnings, the associated benefit reduction, and the decomposition of the earnings
between labor earnings and disability benefits. Unlike the Plain Text letter, which
conveys the same rules in static form, the simulator allows users to vary inputs
and immediately observe the resulting changes in personal total income.

III. Data, Sample, and Randomization

We use administrative data from the NIHDI that records authorizations to
return to work while receiving Disability Benefits. Our sample includes individ-
uals who initiated disability benefits between January 2022 and December 2023,
coinciding with the mailing of the informational treatments. We follow these indi-
viduals from one year prior to disability onset through up to two years post-entry.
Treatment assignment is randomized at the individual level based on the last dig-
its of the social security number. Individuals are assigned with equal probability
to receive either a Plain Text letter, a letter containing a link to the Online Simu-
lator, or the control letter. The final sample consists of 163,879 individuals, with
approximately 55,000 individuals in each arm.
Sample characteristics are reported in Table 1. More than half of the sample

is female, and the majority of individuals reside in Flanders, the northern, most
populated region of Belgium, whose capital is Antwerp. Ninety-three percent of
the sample is covered under the salaried employment regime, with 48% employed
in blue-collar occupations. Mental health conditions account for 40% of diagnoses
at entry, musculoskeletal conditions for 31% , and the remaining 29% correspond
to other diagnoses. At baseline, 28% of individuals were already performing part-
time work while on claim, because they received the authorization during the
sick leave period of one year. Balance checks are reported in Online Appendix
Table 1. None of the pairwise comparisons between treatment and control groups
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is statistically significant at conventional levels. Joint F-tests for each pair of
treatment arms further indicate that baseline characteristics do not jointly predict
treatment assignment.
In addition to the administrative data, we have data from the Online Simulator.

For privacy reasons, these data cannot be linked to individual administrative
records. We therefore use them exclusively for descriptive purposes, to document
how users interact with the tool and the type of work opportunities they simulate.
Descriptive statistics for the simulator usage data are reported in Online Appendix
Table 2, and these data are discussed in Section VI.

IV. Empirical Strategy

We estimate the effect of receiving the two informational letters on the proba-
bility of returning to part-time work, using the administrative authorization for
part-time work while on Disability Benefit.
We estimate the following event-study specification:

(1) Yit = α+
∑
k ̸=−1

βk [1{g(i) = 1} × 1{timeit = k}] + γFlandersi + δt + εit

g(i) =

{
PlainText (PlainText vs Control)

Simulator (Simulator vs PlainText)

where Yit is an indicator equal to one starting from the first month in which
individual i begins part-time work. In each specification, the treatment indicator,
g(i), identifies assignment to either the PlainText or the Simulator experimental
arm. By varying the comparison group across specifications, we isolate the spe-
cific mechanisms underlying the behavioral response. Specifically, the contrast
between PlainText and Control identifies the combined effect of awareness and
the salience of the rule. Comparing Simulator to PlainText allows us to isolate
the marginal impact of reducing computational complexity regarding the financial
benefits of part-time work.
The coefficients of interest, βk, represent the intent-to-treat (ITT) effect k

months relative to the mailing date (k = 0). We omit the month immediately
preceding the treatment (k = −1) as the reference category. To account for the
experimental design, we include a control for our stratification variable, Flanders
(Flandersi), and month-of-sample fixed effects (δt) to absorb common macroeco-
nomic shocks. Standard errors are clustered at the individual level.

V. Results

Figure 1 presents the event-study coefficients from Equation (1). Panels A the
effects of the PlainText treatments relative to the control group, respectively, test-
ing our first hypothesis. Panel B identifies the marginal impact of the simulator
by comparing the two treatment arms directly.
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The PlainText letter yields no detectable effect on part-time work participation
at any horizon. We therefore reject the hypothesis that a simple lack of awareness
regarding the rules serves as the primary barrier to re-employment. It may be
that individuals, while aware of the benefit, find the rules too computationally
complex to internalize within their personal earnings context. We test this second
hypothesis by evaluating whether reducing these cognitive costs via the ”Online
Simulator” increases the saliency of the incentive and alters behavior.
Directly comparing the two treatment arms (Panel B) reveals a significant and

immediate divergence that remains persistent throughout the observation period.
This differential effect peaks at month 15, reaching 0.55 percentage points—a 1.85
percent increase relative to the control mean—and remains significant through
much of the sample period. These results support the hypothesis that computa-
tional complexity is a meaningful barrier to the take-up of financial incentives.
Table 2 confirms these patterns: while PlainText effects remain null, the Simu-
lator treatment maintains a robust, positive impact. By month 24, however, the
treatment effect attenuates as the control group catches up.
Figure ?? explores treatment effect heterogeneity across baseline characteristics.

Estimates at the 12-month horizon show that responses are concentrated among
salaried workers, blue-collar workers, and residents of the Wallonia–Brussels re-
gion. For other subgroups, point estimates are small and statistically insignificant.
These patterns suggest the simulator reduces computational frictions that vary

by employment type. For salaried workers, the rules governing benefit reductions
and net earnings are substantially more complex than those for the self-employed,
for whom a simplified 10% flat reduction applies. The simulator’s interactive
interface likely provides the greatest marginal value where the underlying calcu-
lation is least transparent. Furthermore, the larger responses among blue-collar
workers and residents in Wallonia are consistent with regional market conditions
and the distribution of baseline benefits, which we explore in the following sec-
tion. Collectively, these findings suggest that simple information provision is
insufficient to alter behavior; rather, effective policy requires personalized tools
that reduce cognitive costs and tailor the information into once specific condition.

VI. The Online Simulator

We observe detailed usage data for the online simulator between May 2021 and
December 2025. In total, the simulator was accessed 2,676 times. Collapsing in-
teractions by IP address yields 860 distinct IPs, corresponding to approximately
1.2% of individuals assigned to the Online Simulator treatment arm. Because
access to the simulator is self-selected and likely correlated with unobserved char-
acteristics such as motivation or labor market attachment, we do not interpret
these data as identifying causal effects. Instead, this section provides descriptive
evidence on the information conveyed by the simulator for individuals considering
a return to work.
Figure 3 plots average monthly total income, decomposed into labor income
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and residual benefit income, across bins of work intensity. The figure illustrates
the mechanical reduction in disability benefits as work intensity increases and
the resulting simulated total income from the cumulation with labor earnings.
Total income does not increase monotonically with work intensity and declines at
higher levels of work, which might suggest that financial incentives to transition
from part-time to full-time work are weak.

A. Total Earnings Simulations

Figure 5 shows the relationship between work intensity and total monthly in-
come using locally smoothed (LOWESS) estimates. Work intensity (the share
of full-time employment) and part-time earnings are both user-provided inputs.
Total income is the sum of these earnings and the disability benefits, which are
subject to a phase-out rule. Panel A groups simulations by the individual’s finan-
cial situation: their benefit level (above or below the median) and their earnings
from part-time work. Panel B groups simulations by the interface language used:
French (primarily Wallonia and Brussels) or Flemish (Flanders).
Because many users run multiple simulations, the figure focuses on the final

simulation for each IP address; results are similar when using all simulations.
The relationship between work intensity and simulated total income is highly

heterogeneous and non-monotonic. Only individuals with relatively low benefits
and access to higher-wage jobs see meaningful increases in total income as work
intensity increases. For those starting with higher benefits (so with higher pre dis-
ability earnings jobs), total income actually decreases as part-time work increases.
The language of the simulator also shows high heterogeneity: the French-speaking
group shows very high income gains at entry in part-time work, which are con-
stantly increasing at all levels of work intensity. For the other five groups, total
income declines at high levels of work intensity.

B. Belief Formation as Simulations go on

Approximately one-quarter of users run multiple simulations, suggesting some
exploration of the tool. To assess whether repeated use leads to systematic revi-
sions in intended work intensity or expected income, we compare the first and last
simulation recorded for each IP address. Differences between initial and final work
intensity are centered at zero—with both the median and inter-quartile range
equal to zero—indicating that most users do not revise their intentions about
the amount of work they want or can perform. These revisions are symmetric
and largely cancel out; nonparametric tests confirm that there are no statistically
significant directional changes. Similar patterns hold for simulated total earnings
and benefit reductions: while some users adjust their inputs, these changes are
balanced between increases and decreases, and average revisions are small. Over-
all, repeated use of the simulator appears to refine users’ understanding of income
calculations rather than alter their intended work intensity. Appendix Figure 2
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presents histograms showing the differences between the first and last simulations
for work intensity, total earnings, and benefit reductions.

VII. Conclusion

General information alone may be insufficient to translate financial incentives
when policy rules are computationally complex. Our results demonstrate that
while static descriptions of benefit rules had no impact on work participation for
Disability Insurance (DI) recipients, a personalized interactive tool successfully
incentivizes returns to work. This contrast suggests that the main barrier to labor
re-entry may not be a lack of general awareness, but the difficulty of calculating
how abstract rules apply to an individual’s own situation.
The heterogeneous effects further reinforce the importance of personalization.

If the results were driven by simple reminders or ”salience,” we would have seen
similar effects across all groups and information formats. Instead, the simulator’s
success comes from its ability to let users visualize exactly how their earnings and
benefits interact at different levels of work. Treatment effects are stronger among
salaried workers, the group facing the highest degree of complexity in their phase-
out schedules. Data from the simulator confirms that these financial trade-offs are
often intuitive and vary significantly depending on a person’s specific situation.
From a policy perspective, these findings point to the potential of digital tools

as complements to existing social insurance programs. Personalized simulators
can improve the effectiveness of existing incentives without changing program
mechanisms or relying on costly individualized counseling. As tax and benefit
systems become more complex, integrating interactive decision aids into social
security administrations may offer a scalable way to improve understanding and
support informed labor supply decisions.
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Panel A. Plain Text vs Control Panel B. Online Simulator vs Plain Text

Figure 1. Dynamic Effects on Part-Time Employment

Note: The figure plots the event-study estimates from Equation (1). Panels A report the estimated effects
on return to work relative to the control group for the Plain Text letter. Panel B compares the Online
Simulator letter to the Plain Text letter. Estimates are shown with 95 percent confidence intervals.
Source: NIDHI.
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Figure 2. Heterogeneous effects of the Online Simulator letter after twelve months.

Note: The figure reports treatment effects twelve months after the mailing across baseline characteristics.
Estimates are reported for the subgroups defined in Table 1.
Source: NIHDI.
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Figure 3. Composition of Monthly Income by Work Intensity

Note: The figure shows average monthly total income decomposed into labor income and residual benefit
income across work-intensity bins. Bars report average monthly amounts by work-intensity bin, measured
as the share of full-time work. Total income is decomposed into labor income and residual benefit income
following benefit reduction rules. Averages are computed across all simulations within each work-intensity
bin.
Source: Online Simulator.
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Table 1—Baseline Characteristics across Experimental Arms

Control Plain Text Online Total
Characteristic Simulator

Female 0.588 0.590 0.586 0.588
(0.492) (0.492) (0.493) (0.492)

Blue-collar occupation 0.486 0.480 0.483 0.483
(0.500) (0.500) (0.500) (0.500)

Salaried worker 0.927 0.927 0.926 0.927
(0.260) (0.260) (0.261) (0.261)

Resident in Flanders 0.541 0.542 0.538 0.540
(0.498) (0.498) (0.499) (0.498)

Mental and behavioral disorders 0.397 0.397 0.397 0.397
(0.489) (0.489) (0.489) (0.489)

Other health conditions 0.310 0.309 0.305 0.308
(0.462) (0.462) (0.460) (0.462)

DiseaseOther 0.293 0.295 0.299 0.296
(0.455) (0.456) (0.458) (0.456)

Working while on sick-leave 0.293 0.289 0.291 0.291
(0.455) (0.453) (0.454) (0.454)

N 55,379 54,344 54,156 164,000

Note: This table reports the means and standard deviations (in parentheses) for the study population at
baseline, stratified by experimental arm. Control refers to the group receiving no additional information;
Plain Text refers to the group receiving a physical letter describing benefit rules; and Online Simulator
refers to the group granted access to the personalized simulator.
Source: NIDHI.
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Table 2—Dynamic Binned Results.

(1) Plain Text (4) Simulator
Event-time vs. Control vs. Plain Text

3rd month -0.0020* 0.0013
(0.0011) (0.0011)

6th month -0.0031** 0.0021
(0.0015) (0.0015)

9th month -0.0024 0.0029*
(0.0016) (0.0016)

12th month -0.0025 0.0035**
(0.0017) (0.0018)

15th month -0.0025 0.0044**
(0.0018) (0.0018)

18th month -0.0023 0.0050***
(0.0019) (0.0019)

21st month -0.0019 0.0042**
(0.0019) (0.0020)

24th month -0.0015 0.0038*
(0.0020) (0.0020)

Control Mean 0.27 0.27
N 163,879 108,500

Note: Notes: The table reports three months binned event-study intent-to-treat estimates relative to
the omitted bin t = −1. All specifications include the startification variable Flanders and monthly fixed
effects; standard errors are clustered at the individual level (id). Significance: * p < 0.10, ** p < 0.05,
*** p < 0.01.
Source: NIHDI.
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Panel A. Wage-Benefit

Panel B. Language

Figure 4. Total Monthly Income by Work Intensity

Note: The figure plots locally smoothed (LOWESS) relationships between work intensity and total
monthly income. Work intensity is measured as the share of full-time work. Panel A shows groups
defined based on benefit levels (above or below the median) and labor income( relative to the median
within work-intensity bins). Panel B shows groups based on the language used in the interface. Total
income includes labor income and residual benefits.
Source: NIDHI.
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Panel A: Plain Text Letter Panel B: Simulator Letter

Figure 1. Appendix: Intervention Letters

Note: The figure shows the letter sent to each treatment arm. Panel A shows the highlighted box with
the ”Plain Text” instructions. Panel B shows the letter with the link for the Online Simulator.
Source: NIHDI.
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Figure 2. Appendix: Screen Capture of the Online Simulator

Note: The figure shows a screenshot of the online simulator. The illustrative simulation is based on
initial benefits of €1,500, a work intensity of 50
Source: Online Simulator.
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Figure 3. Appendix: Distribution of Simulated Changes in Work Intensity, Earnings, and

Benefits

Note: The figure shows the distribution of simulated changes between the final and initial periods for
three outcomes: work intensity (Panel A), total earnings (Panel B), and benefit reductions (Panel C).
Histograms report the number of individuals experiencing a given change. Earnings and benefit amounts
are expressed in euros.
Source: Online Simulator.


