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Abstract

We quantify behavioral responses to estate taxation by exploiting two large reforms

in Taiwan. Using administrative data and a difference-in-difference design, we find

quick and asymmetric responses, with reported estates reacting more strongly to a

tax increase than to a tax cut. The asymmetry is driven by larger adjustments in liquid

assets and charitable exemptions under the tax increase. Several patterns indicate tax

avoidance rather than real wealth changes: liquid assets reported at death differ from

those held a year earlier, owners of closely held firms reduce book values by inflating

liabilities before their deaths, and heirs show no labor supply changes despite sizable

inheritance shocks. The asymmetry is consistent with tax avoidance with sunk costs,

where taxpayers intensify avoidance when taxes rise but do not scale back when

taxes fall. We derive sufficient statistics showing that applying the attenuated tax-cut

elasticity to evaluate a tax increase would understate welfare costs and overstate net

welfare effects by 61%.
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1 Introduction
Although extensive research indicates rising wealth concentration (Piketty and Zucman,

2014; Saez and Zucman, 2016; Alvaredo et al., 2017), wealth-transfer taxes are becoming

less popular worldwide. Since 2000, ten OECD countries have abolished their estate

or inheritance taxes (OECD, 2021). Even in countries like the U.S. that still use them,

the exemption threshold has increased twelvefold.1 This retreat contradicts growing

concerns about inheritance-driven inequality (The New York Times, 2023; The Guardian,

2024). Proponents argue these taxes promote equality, while critics emphasize distortions

and the scope for avoidance and evasion. Understanding the magnitude of behavioral

responses to estate taxes is therefore essential for assessing their redistributive impact.

Empirical evidence on the impact of estate taxation remains limited for several reasons,

even as optimal estate-tax theory has advanced recently (Farhi and Werning, 2013; Piketty

and Saez, 2013). First, detailed microdata on estates are scarce and often truncated as

governments typically collect data only on estates above exemption thresholds. Second,

exogenous tax variation among top estate taxpayers is rare. Third, identification is difficult

because each estate is observed only once, at death. For those who died before a tax

change, we cannot observe their post-reform estates, and for those who died after, we lack

their counterfactual estates.2 Earlier studies therefore rely on state-level and time-series

variation (Kopczuk and Slemrod, 2001; Holtz-Eakin and Marples, 2001; Joulfaian, 2006),

while more recent work uses bunching methods (Escobar et al., 2019; Glogowsky, 2021).

In this paper, we address these challenges by leveraging detailed administrative data

and rich policy variation in Taiwan. We link estate records to full-population wealth

and income data. Crucially, the estate data include all decedents, even those below the

exemption threshold, avoiding the truncation present in prior studies. We exploit two

large reforms: a tax cut in 2009 that replaced progressive rates of 2% to 50% with a flat

10%, and a tax increase in 2017 that restored progressivity. These changes provide sharp

variation in exemption thresholds and tax rates for studying behavioral responses.

We employ a difference-in-difference design comparing decedents likely to be affected

by the tax changes (treated) to those likely to be unaffected (control). The key challenge

1The nominal exemption threshold for estate taxes in the U.S. was 675 thousand USD in 2001 and 13.61
million USD in 2024, which is around 12 times higher in real terms (Internal Revenue Service, 2024).

2This identification challenge also arises in other fields, such as studies on the impact of economic shocks
on mortality (Sullivan and von Wachter, 2009; Finkelstein et al., 2024).
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is that for decedents who died after the reform, we cannot observe what their estates

would have been under the pre-reform tax regime. To address this, we predict treatment

status based on their pre-reform characteristics. Specifically, we train a machine learning

algorithm on pre-reform decedents to predict whether their estates would have fallen

above the reform cutoff. The algorithm’s predictors include total wealth, detailed wealth

components measured at least four years before death, and demographic characteristics.

Among these, recent pre-death wealth is the strongest predictor. This approach allows us

to predict treatment status for all decedents using predetermined pre-reform variables.

For transparency and robustness, we also assign treatment based solely on pre-death

wealth without machine learning and find similar results.

Our design relies on two assumptions. First, the parallel trends assumption requires

that treated and control estates would have evolved similarly absent the reform. Second,

the relationship between predictors and treatment status would have remained stable ab-

sent the reform. We provide evidence for both. Event study estimates show no pretrends

between the treated and control groups. Algorithm performance and top influential pre-

dictors remain stable across pre-reform years, suggesting no structural changes in the

relationship between lagged wealth components and estates at death.

Leveraging the two reforms, our analysis yields three findings. First, we document

asymmetric behavioral responses to estate tax changes. Reported estates respond quickly

and persistently to both reforms, but asymmetrically, with a stronger reaction to the tax

increase than to the cut. The 2017 tax increase led to a sharp and persistent decline in

reported estates, while the 2009 tax cut produced a swift and lasting increase. Among the

top 0.5% decedents, the group affected in both reforms, the elasticity of reported estates

with respect to the net-of-tax rate is 2.76 (s.e. 0.39) for the tax increase but only 0.47

(s.e. 0.13) for the tax cut. To understand the asymmetry, we decompose estates into asset

and deductible items. The asymmetry arises from liquid items such as financial assets,

deposit savings, and charity and exemptions responding more to the tax increase than

to the cut. We further quantify contributions from assets and deductions and show that

during the tax increase, 64% of the elasticity of estates is attributed to assets and 36% to

deductions. In contrast, during the tax cut, almost all responses are from deductions.

Second, we examine whether these responses reflect tax avoidance or real changes

in wealth by analyzing how both decedents and heirs adjust. On the decedent side, we

first compare asset values reported at death with those reported one year earlier. Treated
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decedents exhibit significantly larger discrepancies in stocks and deposit savings, but not

in housing, which is illiquid and third-party reported. To explore further, we examine

closely held firms, where owners’ discretion over valuations can directly affect the private

stock values at death. In the years preceding death, closely held firms whose owners

were subject to the tax increase reduced reported book values by inflating liabilities, even

though sales revenues remained unchanged. This pattern implies that the adjustments

reflect strategic reporting rather than real business activity.

On the heir side, we test whether reform-induced inheritance shocks affected their

labor supply. Prior studies show that inheritance windfalls reduce labor supply (Holtz-

Eakin et al., 1993; Elinder et al., 2012; Bø et al., 2019; Nekoei and Seim, 2023). If the

estate responses represent genuine wealth changes, heirs would adjust their behavior

accordingly. If instead they reflect avoidance that left actual transfers unaffected, heirs’

behavior would not change. We test this in two steps. First, using heirs before the

2017 tax increase, we estimate a baseline windfall effect of a 2.4 (s.e. 0.6) percentage-

point decrease in employment following inheritance. Second, we apply this baseline to

the reform-induced changes. Based on how much the tax increase reduced reported

inheritance, the baseline predicts an employment decline of only 0.2 percentage points

following inheritance. However, post-reform heirs reduce employment by 2.3 (s.e. 0.6)

percentage points, statistically indistinguishable from the baseline and inconsistent with

the prediction. We find similar patterns for the 2009 tax cut. These findings suggest heirs

did not respond as they would if the inheritance changes were real.

Together, the decedent and heir analyses show that estate responses are driven by tax

avoidance. The asymmetry between the two reforms is consistent with tax avoidance with

sunk costs. Individuals incur avoidance costs when setting up avoidance strategies such

as trusts, offshore accounts, or professional arrangements. Reversing them when taxes

fall is costly, but expanding them when taxes rise is relatively easy. Aggregate evidence

supports this interpretation, as trust fund size in Taiwan rose sharply after the 2017 tax

increase, and Taiwan has long ranked among the highest worldwide in offshore wealth

relative to GDP (Alstadsæter et al., 2018).

Finally, we connect the empirical results to welfare analysis through a sufficient statis-

tics tax avoidance model adapted from Chetty (2009). The model captures how individ-

uals trade off consumption against estate sheltering, which incurs resource costs. In the

static setting, individuals shelter wealth until the marginal cost of sheltering equals the
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marginal tax saved. Extending the model to two periods highlights how sunk costs gen-

erate an asymmetry. If tax rates change unexpectedly in period two, the choices made in

period one cannot be freely undone. As the marginal cost of reducing sheltering exceeds

the marginal cost of increasing it, responses are stronger to tax increases than to cuts.

Based on the framework, welfare effects are characterized by the elasticity of reported

estates, as informed by our reduced-form estimates. The two reforms reveal distinct

patterns. The 2017 tax increase shows an immediate and stable response. Since taxpayers

are not constrained by sunk costs, the estimated elasticity reflects the long-run responses

and can be used directly to inform welfare. In contrast, the 2009 tax cut generated

muted short-run elasticities, with responses compounding over time as sunk costs were

unwound. This has two important policy implications. First, the direction from which

an elasticity is estimated matters. Using the muted tax-cut elasticity to evaluate a tax

increase would overstate net welfare by 61%. Second, the ultimate welfare impact of a tax

cut depends on how quickly taxpayers recover from sunk costs.

Related Literature and Contributions. Our paper contributes to the literature on be-

havioral responses to estate and inheritance taxation in several ways. The literature has

evolved from early studies using aggregate time-series or state-level variation in the U.S.

(Holtz-Eakin and Marples, 2001; Kopczuk and Slemrod, 2001; Joulfaian, 2006) to recent

work leveraging microdata with modern identification strategies such as bunching and

difference-in-difference approaches (Goupille-Lebret and Infante, 2018; Mas-Montserrat,

2019; Escobar et al., 2019; Glogowsky, 2021).

First, we provide the first evidence of asymmetric responses to estate tax changes.

While asymmetries have been documented in other tax contexts, such as value-added

taxes (Benzarti et al., 2020, 2024; Benzarti, 2024) that are remitted by firms but borne by

the broader population, estate taxes differ fundamentally as they target wealthy indi-

viduals. Our contribution is made possible by exploiting unusually large and rich tax

variation covering both an increase and a decrease in the same institutional setting. We

show that the asymmetry reflects avoidance behavior with sunk costs in tax planning

and formalize this mechanism through a sufficient statistics model adapted from Chetty

(2009), demonstrating how sunk costs generate asymmetric responses and can alter pol-

icy conclusions if ignored. The avoidance channel also connects to the tax enforcement

literature on third-party reporting (Kleven, 2021) and highlights the need for stronger
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reporting and international cooperation on offshore wealth.

Second, we propose a novel methodological approach to address a fundamental iden-

tification challenge in estate tax research: each individual dies only once, so we cannot

observe the same person’s estate under different tax regimes. This problem also arises in

mortality studies, where researchers cannot observe the same individual’s counterfactual

survival under alternative conditions (Sullivan and von Wachter, 2009; Finkelstein et al.,

2024). Prior estate tax studies have addressed this using bunching (Goupille-Lebret and

Infante, 2018; Glogowsky, 2021) or regression discontinuity designs (Escobar et al., 2019),

but these approaches tend to capture local responses near specific thresholds. Given the

lumpy nature of estates and adjustment frictions (Kleven, 2021), local estimates may not

fully capture the overall behavioral responses to estate taxation. By contrast, we use ma-

chine learning to construct counterfactuals based on pre-death characteristics, enabling a

difference-in-difference design that estimates broader effects of estate tax changes.3

Third, the granularity of our administrative data allows us to move beyond aggregate

estate responses and identify the specific channels through which both decedents and

their heirs adjust to estate tax changes. On the decedent side, we decompose estates into

components, compare lifetime holdings with values reported at death, and trace effects

through closely held businesses. On the heir side, we provide the first evidence on how

estate tax changes affect heirs’ labor supply. Building on prior work that documents

labor supply responses to inheritance windfalls using variation in the size and timing

of inheritance (Holtz-Eakin et al., 1993; Elinder et al., 2012; Bø et al., 2019; Nekoei and

Seim, 2023), we exploit quasi-experimental tax variation to test whether the changes in

reported estates represent real wealth transfers. We find no labor supply effects among

heirs despite substantial inheritance shocks, indicating that the observed estate responses

reflect reporting behavior rather than real wealth transfers.

The rest of this paper is organized as follows. Section 2 describes the institutional

context and data. Section 3 presents the identification strategy and results. Section 4

investigates the mechanism. Section 5 evaluates the welfare. Section 6 concludes.

3Similar prediction methods have been applied in other contexts, such as forecasting wealth after
Sweden’s wealth tax repeal (Jakobsen et al., 2024).
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2 Institutional Context & Data

2.1 Institutional Context
Estate taxation in Taiwan applies only to the very top of the wealth distribution. Ap-

proximately 4% of annual deaths in Taiwan are subject to an estate tax. This number is

similar to the U.K.’s 4% and higher than the U.S.’s 0.1%. Estate tax revenues account for

around 1% of Taiwan’s total tax revenues, which is higher than the 0.5% average in other

developed countries (OECD, 2021).

Tax Base. Estate taxation in Taiwan is levied on the amount of the estate left by a

decedent. This system, also adopted by the U.K., the U.S., and South Korea, contrasts with

the inheritance tax system used in most European countries, where the tax is levied on

the amount inherited by an heir. An estate is defined as assets minus deductions. Assets

include housing, financial assets, and deposit savings. Housing assets include land and

houses. Financial assets include publicly listed and privately held stock, bonds, futures,

trusts, insurance, and other financial instruments. Deposit savings are bank deposits.

Deductions fall into two categories. The first consists of charity and exemptions, which

includes donations to nonprofit organizations, the spousal exemption under the Civil

Law, and credits for estate taxes paid within the previous five years. The second consists

of other deductible items, such as debts, farm, funeral, and demographic deductions for

dependents, parents, or disabilities.

Assessment and Enforcement. Housing values are determined by prices announced by

the government, which are adjusted every two years and serve as the basis for property

taxes. These prices are generally lower than market prices. Ownership of housing is

third-party reported and can be verified through property tax records. Deposit savings

are reported by the filer with supporting bank statements, but can also be cross-verified

against third-party reported interest income.

Financial assets include publicly listed and privately held stock, and other self-reported

assets. Taiwan maintains comprehensive shareholder registries for all firms, enabling

third-party reporting of stock ownership even without dividend distributions. Publicly

listed stock is valued at the market price on the date of death. Privately held stock is

assessed at book value, defined as assets minus liabilities, on the date of death. Since

most private firms do not keep daily balance sheets and are often closely held by the
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decedent, this creates opportunities for manipulation. Other self-reported assets include

trusts, insurance, cash, jewelry, and offshore wealth, which the government has limited

ability to detect. Appendix Table A.1 provides more details.

Penalties for underreporting depend on the amount owed and have changed over time.

Before 2009, if the shortfall was less than 35,000 TWD (about 1,100 USD), the taxpayer

must pay the missing tax plus interest but incurs no fine.4 After 2009, this threshold

increased to 60,000 TWD (about 1,900 USD). For larger shortfalls above these thresholds,

fines range from one to two times the unpaid tax. In cases of fraud, penalties can include

fines of one to three times the owed tax as well as criminal charges.

Estate Tax Schedule. Figure 1 illustrates the estate tax schedule in Taiwan between 2004

and 2019. Between 2004 and 2005, it was a progressive schedule where the marginal tax

rates (MTRs) ranged between 2% and 50%. The exemption threshold was 7 million TWD

(219,000 USD). In 2006, the exemption threshold was adjusted for inflation, increasing to

7.79 million TWD, while the MTRs remained the same.

In October 2008, the government announced significant changes to take effect on

January 23, 2009. First, the exemption threshold was raised by approximately 50%,

from 7.79 million TWD to 12 million TWD (243,000 USD to 375,000 USD). Second, the

progressive tax rates between 11% and 50% were replaced with a flat rate of 10%. The

announcement was unexpected, as the government only took office in May 2008 and the

reform was not part of the electoral discourse.

The reform aimed to achieve several objectives. Policymakers sought to attract wealthy

individuals to repatriate offshore investment, with an estimated 1.2 trillion TWD (37

billion USD) flowing overseas each year before 2008. The government believed that the

reform could stop the funds from going overseas, especially during the unstable financial

outlook of the global crisis. In addition, the lower tax rate was intended to discourage

tax planning, and the higher exemption threshold was designed to facilitate succession

planning for small and medium-sized family businesses.

In 2016, following a change in government, the new administration proposed an estate

tax increase to help finance the Long-Term Care Services Act 2.0. The reform restored the

progressivity of the schedule by introducing two new MTRs of 15% and 20% for the top

0.5%, effective May 17, 2017.

4All TWD to USD conversions use the average 2016 exchange rate of 32 TWD per USD.
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Gift Tax Schedule. Understanding Taiwan’s gift tax is crucial for interpreting our estate

tax results because gifts could otherwise serve as a substitute channel for tax avoidance.

Taiwan explicitly coordinates its gift and estate tax systems to prevent such substitution.

Gifts made within two years of death are added back to the estate tax base and revalued

as of the date of death, with any gift tax already paid credited against the estate liability.

This ensures that near-death transfers are effectively subject to estate taxation regardless

of their timing. Similar provisions exist in other countries, such as the U.S. and the U.K.5

Alongside this two-year inclusion rule, the gift tax schedule has historically moved

hand in hand with the estate tax schedule. Appendix Figure A.1 shows the gift tax

schedule over time. Between 2004 and 2005, the gift tax was progressive with a 1 million

TWD exemption (31,000 USD). In 2006, the exemption rose slightly with inflation to 1.11

million TWD. The 2009 reform doubled the exemption to 2.2 million TWD (69,000 USD)

and replaced progressive rates with a flat 10%. In 2017, progressivity was restored with

15% and 20% brackets for top gifts.

This institutional coordination is important for our analysis because it ensures that

the estate tax responses we measure represent genuine behavioral changes rather than

simple substitution between gifts and bequests. The results therefore provide meaningful

insights for estate tax policy in countries with similar provisions.

2.2 Data and Sample
We use the following datasets provided by the Fiscal Information Agency in Taiwan.

While Taiwan does not have a wealth tax, wealth information can be derived from other

tax sources.

Estate Tax (2004-2019). The estate data contains all estate tax records filed to the gov-

ernment. It contains the individual’s ID, date of death, reported estates, assets, and

deductions. The data are organized into a master file that reports total estate values

and component subfiles that break down assets by housing, financial assets, and deposit

savings. Financial assets at death include both stocks (publicly listed and privately held)

and other instruments such as bonds, trusts, and insurance.

5In the U.S., the gross estate contains gifts made within three years of death (I.R.C. §2035(a)(1)). In the
U.K., gifts given within seven years of death are counted towards the estate tax base, although differential
tax rates would be applied depending on the timing (I.T.A. 1984 §113A).
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Property Registry (2004-2019). The property registry files provide information on land

and housing. The land data is collected for land taxes, and the housing data is collected for

house taxes. Both datasets contain individual IDs, property IDs, property area, location,

and government-assessed values that are updated every two years.

Shareholder Registry (2004-2019). These data originate from corporate income tax fil-

ings under Taiwan’s imputed dividend tax credit system, which linked corporate and

personal income taxation. Firms report all shareholders and their equity stakes so that

tax credits can be assigned proportionally when corporate income taxes are paid. The

registry therefore covers ownership and quantities of both publicly listed and privately

held shares, even if dividends are not distributed. It includes individual IDs, firm IDs,

and the number of shares held.

Income Registry (2004-2021). The income registry files include information on various

income types, such as interest, labor, dividend, rental, and other income. It contains

individual IDs, the type of income, values, and the firm from which the income was

earned, where applicable.

Wealth Construction. We define wealth as the sum of housing, stock, and capitalized

deposit savings. When constructing these values, we follow the estate assessment rule.

Housing values are based on government-assessed prices. Publicly listed stock is valued at

its market price using data from the Taiwan Economic Journal (Lien et al., 2021). Privately

held stock is valued at the book values reported in the corporate income tax data. For

deposit savings, we capitalize interest income following Saez and Zucman (2016).

Sample Construction. To construct our decedent sample, we extract individuals who

died above the age of 30 between 2004 and 2019. We merge their estate records with

lifetime information from the property, shareholder, and income registries. We then

apply two restrictions. First, we drop cases where the manually calculated estate from

summing the component subfiles differs substantially from the total estate values in the

master file to address likely data errors. This removes roughly 1% of the raw sample.

Second, we trim extreme outliers by excluding the single largest reported estate in each

year, corresponding to the top 0.0005 percentile of the distribution.
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2.3 Graphical Evidence on Bunching at Exemption Thresholds
We begin by showing that estate taxpayers are attentive to exemption thresholds. Figure

2 traces estate distributions in 200 thousand TWD bins around the thresholds as they

changed over time. Panel A presents the distribution before 2006, where there was an

excess mass at the old exemption threshold (7 million TWD), denoted by the gray dashed

line. In 2006, the exemption threshold was adjusted by 10% to account for inflation,

moving from the gray dashed line to the red dashed line (7.79 million TWD). As shown

in Panel B, within a year the excess mass disappeared at the old kink and an excess

mass appeared at the new exemption threshold. The response was persistent and strong

through the end of 2008. A similar pattern happened when the 2009 reform increased the

exemption threshold by 150% (to 12 million TWD). Panel C shows the immediate shift

in bunching from the old to the new threshold, which persisted throughout subsequent

years, as shown in Panel D. These patterns demonstrate that taxpayers were attentive to

exemption changes and adjusted their planning accordingly.

To quantify these visual patterns, we apply the bunching method of Saez (2010) to

estimate elasticities. We find significant bunching only at exemption thresholds, not at

other kink points in the tax schedule. Appendix Figure A.2 shows clear excess mass at

exemption thresholds. Panel A shows bunching at the 12 million TWD threshold where

the marginal tax rate increases from 0% to 10% between 2009 and 2019, yielding an

elasticity of 0.45 (s.e. 0.12). Panel B shows bunching at the 7.79 million TWD threshold

where the marginal tax rate increases from 0% to 2% from 2006 to 2008, with an elasticity

of 2.56 (s.e. 0.66). In contrast, Panels C to F show no statistically significant bunching at

any within-positive kinks where marginal rates increase between positive levels.

This pattern highlights two points. First, the finding that a smaller rate jump (0%

to 2%) produced a larger elasticity than a larger rate jump (0% to 10%) at exemption

thresholds suggests responses are not proportional to tax rate changes, pointing to be-

havioral mechanisms beyond standard optimization. Second, it is consistent with recent

wealth tax literature, which finds taxpayers respond to discrete discontinuities such as

exemption thresholds or reporting requirements, rather than to smooth within-positive

rate changes (Garbinti et al., 2023; Londoño-Vélez and Ávila Mahecha, 2024). The ab-

sence of bunching at within-positive kinks indicates that threshold responses may reflect

non-classical behavior that standard bunching methods cannot fully characterize. This
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limitation motivates our main empirical strategy in the next section, where we turn to a

difference-in-difference design to capture broader behavioral responses.

3 The Effect of Estate Tax Changes

3.1 Difference-in-difference Design
Goal. Our objective is to estimate the causal effect of estate tax reforms on reported

estates. We use a difference-in-difference design by comparing those whose pre-reform es-

tates are above the reform cutoff (treated) and those below (control). Let𝐸𝑠𝑡𝑎𝑡𝑒𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝑖𝑙𝑒𝑡(𝑖)(𝜏)
be the percentile of the reported estate of decedent 𝑖 who dies in year 𝑡 under schedule

𝜏 ∈ {𝜏0, 𝜏1} where 𝜏0 is the pre-reform tax schedule and 𝜏1 the post-reform schedule.

Treatment status is defined relative to the reform cutoff 𝐶:

𝑇𝑖 = 1
[
𝐸𝑠𝑡𝑎𝑡𝑒𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝑖𝑙𝑒𝑡(𝑖)(𝜏0) ≥ 𝐶

]
For individuals who died before the reform, we directly observe 𝐸𝑠𝑡𝑎𝑡𝑒𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝑖𝑙𝑒𝑡(𝑖)(𝜏0)
and can assign treatment status straightforwardly. However, for individuals who died after

the reform, we only observe their estates under the post-reform tax schedule 𝜏1. Defining

treatment status using 𝐸𝑠𝑡𝑎𝑡𝑒𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝑖𝑙𝑒𝑡(𝑖)(𝜏1) would create endogeneity because post-

reform estates may reflect behavioral adjustments in response to the reform.

Prediction Idea. To address the above challenge, we predict individuals’ treatment

status using our rich panel data on their pre-death wealth, income, and demographics.

We use pre-reform decedents to model the relationship between treatment status and their

pre-death characteristics:

𝑇𝑖 = 1
[
𝑓 (W𝑡(𝑖)−𝑘 ,W𝑡(𝑖)−𝑘−1, . . . ,X𝑖) + 𝜂𝑖 ≥ 𝑎

]
where 𝑓 (·) maps pre-death covariates into a latent index. The vector Wt(i)−k is a vector of

wealth and income variables measured 𝑘 years before 𝑖’s death year 𝑡. 𝑘 is large enough

to ensure that for post-reform decedents, Wt(i)−k is predetermined and unaffected by the

reform. Xi is a vector of demographic variables. 𝜂𝑖 is a noise term. 𝑎 is the latent threshold

corresponding to the estate-percentile reform cutoff 𝐶.

For all decedents, regardless of dying before or after the reform, we observe their
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vectors Wt(i)−k,Wt(i)−k−1, ...,Xi, which are all predetermined before the reform and not

influenced by the reform. We can therefore apply the estimated model to predict a

treatment status for each individual, indicating whether their estate percentile under the

pre-reform schedule would have been above the cutoff.

𝑇𝑖 = 1[ 𝑓̂ (W𝑡(𝑖)−𝑘 ,W𝑡(𝑖)−𝑘−1, . . . ,X𝑖) ≥ 𝑎]

This predicted treatment status can be expressed in terms of the true treatment status and

a classification error term:

𝑇𝑖 = 𝑇𝑖 · (1 − 𝑒𝑖) + (1 − 𝑇𝑖) · 𝑒𝑖

where 𝑒𝑖 ∈ {0, 1} is a classification error coming from the prediction model; 𝑒𝑖 = 0 means

the algorithm perfectly predicts the treatment status.

Once the predicted treatment status is constructed, we estimate a simple diff-in-diff

regression:

𝑌𝑖 = 𝛼0 + 𝛼1 𝑇𝑖 × 𝑃𝑜𝑠𝑡𝑖 + 𝛼2 𝑇𝑖 + 𝛼3 𝑃𝑜𝑠𝑡𝑖 + 𝑢𝑖 (1)

where 𝑌𝑖 is the outcome of decedent 𝑖. 𝑇𝑖 is the predicted treatment status of 𝑖. 𝑃𝑜𝑠𝑡𝑖 is 1

if 𝑖 dies after the reform, and 𝑢𝑖 is the error term. We use robust standard errors.

The predicted treatment status dummy introduces a misclassification error that biases

the coefficient 𝛼1. In simple cases this bias is usually attenuating, but with machine-

learning predictions the direction is not always clear (Battaglia et al., 2025). Our objective,

however, is not to interpret 𝛼1 directly but to compute a Wald estimator of the elasticity of

reported estates with respect to the net-of-tax rate. Under the assumption that prediction

errors are stable over time absent the reform, the same prediction error enters both the

reduced form and the first stage, and thus cancels in the ratio. This ensures that the

Wald estimator provides a consistent estimate of our parameter of interest (See details in

Section 3.2).

Prediction Implementation. In the previous paragraphs, we described the prediction

concept in a binary classification setting for simplicity. In practice, we classify decedents

into multiclasses based on their estate percentiles. We illustrate the procedure using the

2017 reform as an example, though the same approach applies to the 2009 reform. Specif-

ically, decedents are classified into four percentile groups: (i) below the 90th percentile,
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(ii) between the 90th and 96th percentiles, (iii) between the 96th and 99.5th percentiles,

and (iv) above the 99.5th percentile.

We train a random forest algorithm on the pre-reform decedents who died between

2014 and 2016. In other words, the 𝑓 (·) function described previously is a random forest

algorithm here. This training step establishes the relationship between which one of the

classes a decedent falls in and predictors, such as total wealth and different wealth and

income component values, all measured four to ten years before death, and demographic

variables.6 Appendix Section B.1 provides details on the prediction procedures. Ap-

pendix Figure B.3 shows that the algorithm identifies recent years’ total wealth values as

the most influential predictors. Appendix Table B.2 presents the model performance.

Then, we apply the trained algorithm to all decedents who died before and after the

reform, i.e., between 2014 and 2019. As we observe all decedents’ predictors, which are

all predetermined and unaffected by the reform, the algorithm assigns each decedent a

predicted class. This predicted class indicates which class a decedent’s estate percentile

would be in if they died under the pre-reform tax system. Analogous prediction details

for the 2009 reform are in Appendix Section B.2.

We define the treated group as those predicted above the 99.5th percentile for the 2017

tax increase and above the 96th percentile for the 2009 tax cut. In both cases, we use

those predicted between the 90th and 96th percentiles as controls to ensure consistent

comparability across reforms. Appendix Table B.4 presents summary statistics for pre-

reform decedents in these predicted groups. The groups are balanced on demographic

characteristics and differ in reported estates, which is the treatment dimension of interest.

Event Study Specification. We group decedents by their death dates into half-year

calendar periods (e.g., 2017Q1, 2017Q3, . . . ) and estimate:

𝑌𝑖 = 𝛼0 +
∑

𝑘≠𝐵𝑎𝑠𝑒

𝛼1𝑘 𝑇𝑖 × 1[𝐷𝑒𝑎𝑡ℎ𝑃𝑒𝑟𝑖𝑜𝑑𝑖 = 𝑘] + 𝛼2 𝑇𝑖 +
∑

𝑘≠𝐵𝑎𝑠𝑒

𝛼3𝑘 1[𝐷𝑒𝑎𝑡ℎ𝑃𝑒𝑟𝑖𝑜𝑑𝑖 = 𝑘] + 𝜖𝑖

(2)

where 𝑌𝑖 is the outcome of decedent 𝑖. Treated decedents are defined as those predicted

to be above the 99.5th percentile for the 2017 reform and above the 96th percentile for

the 2009 reform. In both cases, controls are those predicted between the 90th and 96th

6We use predictors from more than four years before death to ensure they are predetermined and
unaffected by the reform. For example, for individuals who died in 2019 (the last year in our study),
predictors are measured between 2006 and 2015.
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percentiles. 1[𝐷𝑒𝑎𝑡ℎ𝑃𝑒𝑟𝑖𝑜𝑑𝑖 = 𝑘] equals 1 if decedent 𝑖 dies in half-year calendar period

𝑘. The omitted base period, denoted 𝐵𝑎𝑠𝑒, is the half-year before each reform, which is

2016Q3 for the 2017 tax increase and 2008Q3 for the 2009 tax cut.

Identification Assumptions. The identification relies on two assumptions. First, the

classic parallel trends assumption requires that treated and control groups would have

evolved similarly absent the reform. Second, the relationship between our predictors and

treatment status remains the same before and after the reform absent the reform. As

shown in the results below, event studies reveal that treated and control groups exhibit

similar trends prior to the reforms. We validate both assumptions through multiple

robustness checks in Section 3.4, including tests of algorithm stability, implementing a

simple wealth-based treatment assignment without machine learning, alternative control

groups, anticipation effects, placebo reforms, and other sensitivity analyses.

3.2 Elasticity Identification
The key parameter of interest for policy purposes is the elasticity of reported estates with

respect to the net-of-tax rate, i.e., when there is a 1% change in the net-of-tax rate, how

much the reported estate would change in %.

𝜀 =
% Change in Reported Estate
% Change in Net-of-tax Rate

=
E[Δ log𝐸𝑠𝑡𝑎𝑡𝑒 |𝑇 = 1] − E[Δ log Estate|𝑇 = 0]
E[Δ log(1 − 𝜏)|𝑇 = 1] − E[Δ log(1 − 𝜏)|𝑇 = 0]

The elasticity is the effect of the reform on reported estate (reduced-form) scaled by the

effect of the reform on tax rate change (first-stage). In practice, we proxy the treated

dummy with the predicted one and estimate the following:

First stage: log
(
1 − 𝜏𝑃𝑜𝑠𝑡𝑖

)
− log

(
1 − 𝜏𝑃𝑟𝑒𝑖

)
= 𝛽0 + 𝛽1 𝑇𝑖 + 𝑣𝑖 (3)

Reduced form: log𝐸𝑠𝑡𝑎𝑡𝑒𝑖 = 𝛼0 + 𝛼1 𝑇𝑖 × 𝑃𝑜𝑠𝑡𝑖 + 𝛼2 𝑇𝑖 + 𝛼3 𝑃𝑜𝑠𝑡𝑖 + 𝑢𝑖 (4)

For the first stage, we use pre-reform decedents and construct mechanical marginal tax

rate changes on the left-hand side by applying both the old and new marginal tax rates to

their realized reported estates. The coefficient 𝛽1 captures exposure to tax changes absent

the behavioral effect. The reduced form uses all decedents to estimate the treatment

effect on reported estates. Taking the ratio of the two stages yields the implied elasticity.
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Since predicted treatment status introduces misclassification, both 𝛽̂1 and 𝛼̂1 are biased.

However, under the assumption that prediction errors are stable pre- and post-reform

absent the reform, the biases are identical in both equations and cancel in the Wald ratio,

yielding a consistent elasticity estimate. See Appendix B.4 for details.

𝜀̂ =
𝛼̂1

𝛽̂1

𝑝
−→ 𝛼1

𝛽1

3.3 Results
2017 Tax Increase. We first examine the event study results for the 2017 estate tax reform,

which increased the MTRs for the top 0.5% (see Figure 1). Panel A of Figure 3 presents

event study coefficients from Specification (2). The reform was implemented in May

2017. The event study reveals no statistically significant differences in the pre-trends of

the treated and control groups, suggesting our estimated effects are not driven by pre-

existing differential trends. After the tax increase, reported estates declined quickly. They

dropped by 18% by the end of 2017 and oscillated around 20% until 2019.

Table 1 summarizes the diff-in-diff and elasticity estimates. Column (1) presents the

results of the first-stage, reduced-form, and implied elasticities for the 2017 tax increase.

The first row of the first stage shows that the treated group experienced a 7.4% decrease in

their net-of-tax rates compared to the control. The reduced form estimates indicate that

they decreased their reported estates by 20.4% after the reform. The implied elasticity

is 2.76 (s.e. 0.39), which means that with a 1% decrease in the net-of-tax rate, reported

estates decreased by 2.76%.

2009 Tax Cut. We apply the same empirical strategy to the 2009 tax cut. The reform

impacted the top 4%. We define the treated group as decedents with estates above this

threshold and use the same control group definition (90th-96th percentiles) as used in the

2017 reform to ensure comparability across the two reforms. Panel B of Figure 3 presents

the event study of the 2009 tax cut, estimated using the same Specification (2). The reform

was implemented in January 2009. Again, we find no statistically significant differences in

pre-reform trends between treated and control groups, indicating that our results are not

confounded by pre-existing trend differences. Following the reform, the treated group

experienced a rapid increase in their reported estates, rising by approximately 8% by the

end of 2009, and growing to nearly 20% by 2011.
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Column (2) of Table 1 reports the implied elasticity. On average, the treated faced

a 9.9% increase in their net-of-tax rates and responded with a 13.1% increase in their

reported estates. This yields an elasticity of 1.32 (s.e. 0.16). In other words, when the

net-of-tax rate increased by 1%, reported estates increased by 1.32%.

Heterogeneity within the 2009 Tax Cut. We further explore heterogeneity in responses

by splitting the treated group into two subgroups: (i) top 4%-0.5% and (ii) top 0.5%.

The latter serves as a benchmark for comparison with the treated group in the 2017

tax increase. Panel C of Figure 3 illustrates the evolution of the reported estates of the

subgroups, using the 90th to 96th percentiles as controls. The estimates of the top 4%-0.5%

in blue and those of the top 0.5% are in orange. Again, we find no statistical difference

in the pre-trends. In terms of responsiveness, the top 4%-0.5% show rapid increases in

their reported estates, with approximately a 10% increase within the first period after

the reform. The responses persisted and grew over the years. As for the top 0.5%, the

estimates are noisier due to a smaller sample size. While there is an upward trend in their

reported estates in the first two years after the reform, the estimates are not statistically

significant until 2011, where their responses show a salient increase and reach around a

30% increase by the end of 2011.

When we consider the magnitude of the net-of-tax rate changes they faced (the first

stage), the discrepancy between them becomes salient. Column (3) and (4) of Table 1

present the results. Despite facing different tax changes (7.2% vs. 33.1% in net-of-tax

rates), their estate responses are similar (13.8% vs. 15.4%). As a result, their elasticities

differ starkly: 1.92 (s.e. 0.21) for the former and 0.47 (s.e. 0.13) for the latter.

Interpretation. Two patterns from Table 1 stand out. First, within the 2009 tax cut,

the top 4%-0.5% show larger elasticities than the top 0.5%, suggesting heterogeneous

responses across estate levels. A likely explanation is that the very wealthiest had already

incurred fixed avoidance costs, such as setting up trusts or paying legal fees, before the

reform. This limited their ability to adjust further, while those slightly lower in the

distribution had more room to respond.

Second, across reforms, elasticities are asymmetric for the top 0.5%. The elasticity

resulting from the tax increase is almost six times larger than that of the tax cut. We show

in Section 3.4 that these patterns are not driven by macroeconomic shocks or near-death

gifting, and in Section 4 we examine the mechanisms behind the asymmetry. While
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asymmetric tax responses have been documented for other taxes (Benzarti et al., 2020,

2024), our study provides the first evidence of such asymmetry in estate taxation.

Elasticity Comparison with Prior Literature. Table 2 summarizes existing estimates of

the elasticity of estate or inheritance with respect to the net-of-tax rate, categorized by

methodology. Panel A presents estimates using a diff-in-diff method. Prior work has

focused exclusively on tax cuts. For example, Mas-Montserrat (2019) exploits a Catalan

inheritance tax cut on close heirs and report an elasticity of 1.88 (s.e. 0.23) among the top

5%-1%. Our 2009 tax cut estimates fall in a comparable range, with 1.92 (s.e. 0.21) for

taxpayers in the top 4–0.5% range, though lower at 0.47 (s.e. 0.13) for the top 0.5%. Our

2017 estimate provides the first evidence from a tax increase, yielding an elasticity of 2.76

(s.e. 0.39). These findings show that behavioral responses depend not only on taxpayer

position in the distribution but also on the direction of tax change.

Panel B presents the estimates using bunching at the exemption threshold where

marginal tax rates move from zero to a positive rate. The only existing study in this area

is Escobar et al. (2019), who examines the Swedish inheritance tax repeal and estimates

bunching at one exemption kink and two within-positive kinks. They report an elasticity

of 1.53 (s.e. 0.10) for the exemption kink where the marginal tax rate increases from

0% to 10%. Our bunching estimates from an exemption kink vary between 0.45 (s.e.

0.12), associated with a 0% to 10% increase, and 2.56 (s.e. 0.66), associated with a 0%

to 2% increase. Although their estimate lies within the range of ours, the mixed results

suggest that individuals do not respond proportionally to the magnitude of the tax change

at exemption thresholds, and that there are factors beyond the rate change itself that

influence their behavior.

Panel C displays the bunching estimates from within-positive kinks where marginal

tax rates increase within the positive range. The results are mixed. While Glogowsky

(2021) and one of the estimates of Escobar et al. (2019) are statistically significant, the

other estimate of Escobar et al. (2019) and all our estimates are statistically insignificant.

Despite the mixed findings, the results are consistent on one point: estimates from within-

positive kinks are much smaller than those from exemption kinks and also smaller than

those derived from the diff-in-diff estimation. This indicates that taxpayers show little

adjustment to incremental rate changes once they are above the exemption threshold.

The pattern is consistent with recent wealth tax studies (Garbinti et al., 2023; Londoño-
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Vélez and Ávila Mahecha, 2024), which find that behavioral responses are more salient at

discontinuities rather than smooth changes in marginal rates. It also reinforces the view

that bunching methods capture local responses, which may be weak when salience is low

or adjustment is lumpy.

Panel D includes one estimate using an RDD from Escobar (2017) at 0.76 (s.e. 0.31).

Panel E presents the estimates from an older wave of literature using time-series variation

and U.S. data. The results are mixed, with Joulfaian (2006) reporting an estimate of 0.14

(s.e. 0.05) that is statistically significant and Kopczuk and Slemrod (2001) having noisy

estimates spanning from -0.11 to 0.09 that are statistically insignificant.

To summarize, our estimates contribute to the literature in several ways. First, existing

studies report a wide range of elasticity estimates, likely reflecting differences in both

sources of variation and empirical methods. By applying multiple approaches within the

same context, we help reconcile these discrepancies. Second, we exploit novel variation

that allows us to distinguish responses to tax increases from those to tax cuts, revealing

asymmetric behavioral reactions not documented in earlier work. We further explore the

mechanism behind this asymmetry in Section 4.

3.4 Robustness Checks
We validate our results through several robustness checks addressing algorithm stability,

specification choices, and alternative explanations.

Stability of Algorithm. We assess the stability of our prediction algorithm using two

exercises. First, for each pre-reform year, we randomly split the data into a training and

hold-out sample to test whether the model overfits year-specific noise and whether the

mapping from predictors to outcomes is stable within each year. For the 2017 reform,

Appendix Figure B.5 shows that the top predictors are stable across years. Though their

ranking varies slightly, the same variables consistently dominate. Appendix Table B.5

further shows similar prediction performance across years. Comparable patterns hold

for the 2009 reform in Appendix Figure B.6 and Table B.7. Second, we train the model on

one pre-reform year and test it on another. This mimics our baseline identification, which

applies models trained on pre-reform data to post-reform periods. Appendix Table B.6

shows that the prediction performance of the 2017 reform is consistent across adjacent

and non-adjacent years. We find no differences across the pre-reform years, supporting

the stability of the model. Appendix Table B.8 shows similar patterns for the 2009 reform.
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Wealth-based Classification without Machine Learning. While the algorithm appears

stable across years, one may still be concerned that our findings hinge on the use of

machine learning. We implement a transparent wealth-based rule that classifies treated

and control groups directly based on pre-reform total wealth. This approach is motivated

by the fact that the most recent total wealth variables have consistently been the key

drivers of our prediction ML algorithm’s classifications. For the 2017 tax increase, we

define the treated group as those whose wealth four and five years before death were

in the top 0.5%, and the control group as those between the 90th and 96th percentiles.

Similarly, for the 2009 tax cut, we use wealth from three years prior to death to define these

groups. Appendix Table B.9 presents the results, showing that the estimated elasticities

lie within the 95% confidence intervals of our baseline estimation in Table 1.

Alternative Gradient Boosting Algorithm. We test the sensitivity to the choice of ma-

chine learning method by replacing the baseline random forest with a gradient boosting

model. For the 2017 reform, Appendix Figure B.7 shows that the top predictors identi-

fied by gradient boosting mirror those from the baseline. Prediction performance across

groups is likewise similar, as reported in Appendix Table B.12. For the 2009 reform, we

find the same patterns in Appendix Figure B.8 and Table B.13.

Placebo Reform Years. To show that the treatment effects we captured in the results are

not driven by algorithmic bias, mean reversion, or aspects unrelated to the reforms, we

randomly assigned years as placebo reform years. For a given placebo reform year, we

implement the prediction algorithm and diff-in-diff estimation as described in Section 3.1.

Appendix B.7 describes the procedures and Appendix Table B.10 presents the results. We

find no treatment effect in any of the placebo years.

Alternative Control Group. In our baseline, we use the P90-P96 group as the control for

both reforms to ensure comparability. The choice of the control group involves a tradeoff:

selecting a control group whose estates evolves similarly to the treated group (closer to

the top percentiles) while avoiding contamination from the reform (lower down in the

percentiles). Appendix Table B.11 shows that for the 2017 reform, elasticity estimates are

similar when using P90-P93, P93-P96, and P96-P98. The estimate becomes insignificant

when using the immediately lower group (P98-P99.5), potentially because they behaved in

a forward-looking manner and chose not to cross the threshold, consistent with Garbinti

et al. (2023). For the 2009 reform, the estimates are similarly consistent with the P85–P90
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control group, except again for the immediately below group.

Anticipation. If taxpayers anticipated the reforms, they might have adjusted behavior

beforehand, biasing estimates downward. We test this by assuming the reform occurred

one year earlier (2016 for the 2017 increase; 2008 for the 2009 cut). Appendix Table B.14

reports the elasticity estimates, showing that the results are similar to the baseline.

Macroeconomic Conditions. A concern is that the stronger response to the tax increase

than to the tax cut may reflect different macroeconomic conditions, as the 2009 cut co-

incided with the financial crisis while the 2017 increase occurred in a stable economy.

We address this concern in three ways. First, as shown in Section 4.1, even highly liquid

assets such as deposit savings display asymmetric responses. Second, Appendix Figure

B.9 shows Taiwan’s stock market trading volume recovered to pre-crisis levels by early

2009. Third, Appendix Table B.15 shows no differential responses between decedents

with high vs. low pre-reform stock exposure, proxied by their exposure to the financial

crisis, suggesting that the economic downturn in 2009 does not explain the asymmetry.

See Appendix Section B.11 for details.

Gifting. One potential concern is that the behavioral response we capture reflects gifting

during lifetime; however, strategic gifting cannot explain our findings. As described in

Section 2.1, Taiwan’s tax system restricts this channel: gifts made within two years of

death are included in the estate tax base, and gift and estate tax rates move in tandem.

Appendix Table B.16 shows that decedents actually reduced gifts within two years before

death after the 2017 tax increase, while the 2009 tax cut produced no significant change.

These patterns are consistent with the relative costs of gifting compared to other avoidance

strategies and with individuals’ expectations about survival within the two-year window,

as illustrated in Appendix Tables B.17 and B.18. See details in Appendix Section B.12.

4 Mechanism and Discussion
The previous section documented that reported estates respond quickly and persistently

to both reforms, with stronger reactions to the tax increase than to the cut. This section

examines the sources of these responses and their asymmetry. Section 4.1 decomposes

estates by item, estimates the elasticity of each component with respect to the net-of-

tax rate, and quantifies their contributions to overall estate responses. Section 4.2 then

examines whether these responses reflect tax avoidance or real behavioral changes.
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4.1 The Anatomy of Estate Items
To understand the drivers of estate responses and the asymmetry between the tax increase

and tax cut, we decompose estates into components and estimate item-specific elasticities,

focusing on the top 0.5% for consistent comparison across reforms.

Estate = (Housing + Financial + Deposits)︸                                         ︷︷                                         ︸
Assets

− (Other Deductions + Charity & Exemptions)︸                                                         ︷︷                                                         ︸
Deductions

Elasticities of Each Item. We estimate elasticities for each estate component using the

procedure in Section 3.2, replacing the dependent variable in Equation (4) with the value

of each item. To handle zeros, we scale coefficients by the treated group’s pre-reform

mean. Figure 4 illustrates the results.7 The 2017 tax increase, shown in blue, generated

strong responses in liquid items. Financial assets, deposit savings, and charity and

exemptions all show changes, with elasticities of 2.79 (s.e. 0.35), 1.87 (s.e. 0.43), and 2.39

(s.e. 0.67), respectively. By contrast, housing and other deductions show no significant

response. The 2009 tax cut, shown in orange, exhibits a more modest pattern. Deposit

savings and other deductions respond mildly, with elasticities of 0.38 (s.e. 0.17) and 0.18

(s.e. 0.09), respectively. Charity and exemptions also increase, with an elasticity of 0.80

(s.e. 0.15). Across reforms, the key sources of asymmetry lie in financial assets, deposit

savings, and charity and exemptions, whose estimated elasticities differ significantly.

These components explain the strong response to the 2017 tax increase and the more

muted reaction to the 2009 tax cut.

Decomposition of Contribution to Total Elasticity. We next quantify each item’s con-

tribution to the overall elasticity of reported estates by decomposing the overall elasticity

into a weighted sum of item-specific elasticities, where each component’s contribution is

the product of its elasticity and its share in total estates:

𝜀𝐸𝑠𝑡𝑎𝑡𝑒 =
∑
𝐼𝑡𝑒𝑚

𝜀𝐼𝑡𝑒𝑚 × 𝜔 𝐼𝑡𝑒𝑚
𝐸𝑠𝑡𝑎𝑡𝑒

Table 3 reports the elasticity, weight, and contribution of each component. Panel A

shows results for assets. Although liquid assets such as financial assets and deposit

savings are more elastic, their smaller weight limits their overall impact. Panel B shows

7Appendix Tables C.1 and C.2 report the underlying estimates.
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that among deduction items, charity and exemptions exhibit the highest elasticity but

contribute modestly because of their low weight. The composition of responses differs

starkly between reforms. For the 2017 tax increase, assets drive 64% of the total elasticity

versus 36% from deductions. For the 2009 tax cut, this pattern reverses dramatically:

assets contribute only 0.3% while deductions account for 99.7%. This suggests that estate

responses to the tax increase are primarily driven by asset adjustments, while responses

to the tax cut are largely driven by deductions.

Interpretation. These results highlight two points. First, housing, an illiquid and third-

party-reported item, is unresponsive in both reforms. This aligns with evidence linking

tax avoidance opportunities to whether items are subject to third-party reporting (Kleven

et al., 2011; Waseem, 2020; Londoño-Vélez and Ávila Mahecha, 2024). By contrast, financial

assets, deposit savings, and charity and exemptions, which are more liquid or easier to

manipulate, are highly elastic. Second, the contribution analysis shows that the overall

elasticity was much larger during the 2017 tax increase because adjustments in assets and

deductions were quantitatively stronger than during the 2009 tax cut, where responses

came mainly from deductions and were smaller in scale.

4.2 Distinguishing Tax Avoidance from Real Behavior
In this subsection, we examine whether the reported adjustments reflect tax avoidance

or real behavioral changes, focusing on both decedents and heirs. On the decedent side,

Section 4.2.1 compares asset values reported at death with those held one year prior, and

Section 4.2.2 analyzes closely held firms to test whether owners strategically lowered book

values before death. On the heir side, Section 4.2.3 investigates whether reform-induced

inheritance shocks affected their labor supply.

4.2.1 Reported Asset Values at Death vs. Pre-death Holdings

To assess the role of reporting and avoidance, we compare asset values at death with those

held one year earlier, estimating Equation (4) with the difference as the outcome, scaled

by total wealth three years prior to account for zeros. This measure can take positive or

negative values and is interpreted as the change in reported asset value relative to baseline

wealth. We focus on housing, financial assets, and deposit savings, which are observed

in both the estate and wealth datasets, though not always in identical detail.8

8Lifetime deposit savings are imputed from capital income as described in Section 2.2. For financial
assets, estate records at death include both stocks and other financial instruments (e.g., bonds, insurance,
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Panel A of Table 4 shows the results of the 2017 tax increase. Treated decedents

reported significantly lower values at death for liquid assets. Relative to the control

group, the gap between financial assets reported at death and a year earlier fell by about

10.8% of baseline wealth, while the gap for deposit savings declined by 1.5%. In contrast,

housing does not show a statistically significant difference. These results are consistent

with the patterns in Section 4.1, where treated decedents report lower amounts of financial

assets at death following the reform. Panel B reports analogous results for the 2009 tax

cut. The difference in deposit savings increased by around 10.2% of baseline wealth,

while financial assets and housing do not exhibit significant changes.

These results suggest that discrepancies are driven by strategic reporting in response

to tax incentives rather than genuine changes in wealth. Within a one-year window,

treated decedents show much larger discrepancies in liquid assets such as financial assets

and deposits than the control group, while no such differences appear in illiquid, third-

party-reported assets like housing. Building on this evidence, we next examine whether

the discrepancies in stockholdings are driven by strategic adjustments in the book values

of closely held firms.

4.2.2 Closely Held Firms’ Reported Valuations

To further explore the discrepancy in reported stockholdings, we focus on closely held

firms, where owners’ discretion over valuations can directly affect their private stock

values at death. We construct an event study of firm outcomes over the seven years

preceding an owner’s death. The treated group consists of firms whose owners were

treated in the 2017 tax increase (predicted to be the top 0.5%) and who at any point in the

seven years before death held more than one-third of the company’s ownership.9 For the

control group, we use publicly listed firms, in which individual owners cannot influence

valuations, and assign each firm a random placebo death year. We estimate the following

event-study regression, separately for firms whose owners died before and after the 2017

reform:

𝑌𝑓 𝑡 =
∑
𝑘≠−5

𝛽𝑘 𝑇𝑓 × 1[𝑡 − 𝐷𝑒𝑎𝑡ℎ𝑌𝑟 𝑓 = 𝑘] +
∑
𝑘≠−5

1[𝑡 − 𝐷𝑒𝑎𝑡ℎ𝑌𝑟 𝑓 = 𝑘] + 𝛼 𝑓 + 𝛿𝑡 + 𝑢 𝑓 𝑡 (5)

and trusts), while the one-year-prior measure is limited to stockholdings, as other financial assets are not
observed in the lifetime data.

9Appendix Figure C.1 shows robustness to alternative ownership thresholds 40% and 50%.
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where 𝑌𝑓 𝑡 is an outcome for firm 𝑓 in year 𝑡. Since book value could be zero or negative,

we scale the outcome by the average of the firm’s total assets between five and seven years

before death. 𝑇𝑓 equals 1 for closely held firms and 0 for publicly listed firms. 𝐷𝑒𝑎𝑡ℎ𝑌𝑟 𝑓

is the death year of the firm owner (or a placebo year for the control group). We omit

𝑘 = −5 as the reference year.10 𝛼 𝑓 and 𝛿𝑡 are firm and year fixed effects. Standard errors

are clustered at the firm level.

We first examine book value, defined as assets minus liabilities, which is the basis

for assessing privately held stock in the estate tax base at death. Panel A of Figure 5

plots the event-study estimates. The coefficients represent the differential trajectories of

closely held firms (treated) relative to publicly listed firms (control) as owners approach

death. The blue estimates correspond to owners who died before the 2017 tax increase,

and the orange ones are for those who died after. In the pre-reform period, both series

track parallel paths up to roughly five years before death. After the reform, however, the

orange series diverges downward about three years before death, while the blue series

remains flat. By the final year of life, closely held firms whose owners died after the

reform report book values about 27% lower than the control group, a substantial decline

concentrated in the years immediately preceding death.

To understand what drives this decline, Panels B and C decompose book value into

liabilities and assets. Panel B shows that liabilities of treated firms rose sharply after the

reform, by about 56% relative to controls in the final year before death. Panel C shows

that assets, which equal liabilities plus equity, also increased, but only by around 29%.

Since book value is defined as assets minus liabilities, the fact that liabilities rose much

more than assets drives a fall in book value. By contrast, the pre-reform blue series shows

no such patterns, indicating these adjustments emerged only after the tax increase.

Are these changes genuine business activity or simply accounting adjustments? Panel

D plots the logarithm of sales revenues. Both the blue and orange estimates remain

flat before and after the reform, with no systematic differences relative to controls. The

absence of changes in revenues indicates that the shift in book values is not linked to real

operational activity but instead reflects accounting adjustments.

10Since the analysis covers seven years before death, this choice provides three pre-periods to test for
pre-trends and four subsequent periods closer to death.
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4.2.3 Inheritance Windfalls and Heirs’ Labor Supply

We next examine heirs, whose labor supply responses provide a test of whether the

estate responses reflect tax avoidance or real wealth transfers. Prior work shows that

inheritances reduce heirs’ labor supply (Holtz-Eakin et al., 1993; Elinder et al., 2012; Bø

et al., 2019; Nekoei and Seim, 2023). If reform-induced changes in reported estates are

real wealth changes, heirs’ labor supply would respond accordingly. If instead they arise

through tax avoidance, labor supply would not move because the actual inheritance did

not change. Our approach proceeds in two steps. First, we measure how inheritance

changed as a result of the reforms. Second, we use pre-reform heirs to establish the

baseline effect of inheritance windfalls on labor supply. We then apply this baseline to

predict how heirs should have responded to the reform-induced inheritance shocks and

compare the predictions with the observed post-reform outcomes.

We construct our heir sample by linking children to the decedents from the previous

analysis and restricting to those aged 25–70 at the time of parental death who had positive

labor income at least once before the parent died. This yields baseline employment of

about 89%, comparable to 85% in Nekoei and Seim (2023) for Sweden and 82% in Holtz-

Eakin et al. (1993) for the U.S., both of which examine heirs in broader populations.

Measuring Reform-Induced Changes in Inheritance. We quantify how heirs’ inheri-

tances changed following the reforms by estimating the following specification:

𝐼𝑛ℎ𝑒𝑟𝑖𝑡𝑎𝑛𝑐𝑒 𝑗(𝑖) = 𝛼0 + 𝛼1 𝑇𝑗(𝑖) × 𝑃𝑜𝑠𝑡 𝑗(𝑖) + 𝛼2 𝑇𝑗(𝑖) + 𝛼3 𝑃𝑜𝑠𝑡 𝑗(𝑖) + 𝜖 𝑗(𝑖) (6)

where 𝑗(𝑖) indexes heir 𝑗 of decedent 𝑖. 𝐼𝑛ℎ𝑒𝑟𝑖𝑡𝑎𝑛𝑐𝑒 𝑗(𝑖) is the average after-tax inheritance

per heir, defined as the after-tax reported estate of decedent 𝑖 divided by the number of

heirs.11 𝑇𝑗(𝑖) is 1 if 𝑗’s parent 𝑖 is predicted to be treated to be the top 0.5% and 0 if between

P90-P96. 𝑃𝑜𝑠𝑡 𝑗(𝑖) is 1 if 𝑖 died after the reform. The coefficient 𝛼1 identifies the change in

average after-tax inheritance per heir induced by the reform.

Table 5 reports the results. On average, treated heirs received 44.1 million TWD (1.38

million USD) less after the 2017 tax increase and 8.7 million TWD (272,000 USD) more after

the 2009 tax cut.12 The difference between the two reforms reflects our earlier findings that

11We construct inheritance per heir as the after-tax reported estate divided by the number of heirs (sum of
children and living spouse), assuming equal distribution since we don’t observe actual individual bequests.
We net out gifts made within two years before death, as these are included in the estate tax base.

12Values are expressed in 2016 TWD and USD. All TWD to USD conversions use the average 2016
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the 2017 tax increase induced a larger effect than the 2009 tax cut. This substantial first

stage sets the stage for testing whether these inheritance changes represent real wealth

transfers or merely avoidance.

Baseline Windfall Effects. We begin by establishing the baseline effect of inheritance

windfalls on labor supply using pre-reform heirs. We estimate an analogous event study

as Specification (5) at the heir level, using those whose parents are predicted to be in

the top 0.5% as the treated group and those between P90-P96 as controls. We estimate

this regression separately for heirs whose parents died before and after the reform, with

𝑘 = −1 being the reference period.

Figure 6 presents the results. Panel A shows the extensive margin, defined as employ-

ment probability measured by having positive labor income (total employed earnings),

around the 2017 reform. The blue series shows pre-reform heir cohorts and the orange

series post-reform cohorts. Pre-reform treated heirs, who on average inherit 52 million

TWD (1.63 million USD) more than controls reduced their employment in the first year

after parental death and continued in subsequent years. By the second year, employment

fell by 2.40 (s.e. 0.62) percentage points (pp) from the baseline of 89%, persisting through

the fourth year.13 We use year two as the benchmark, by which point most heirs are likely

to have received their inheritance. This yields a baseline windfall effect of −0.05 pp per

million TWD, which is −0.16 pp per 100,000 USD.

Panel B shows the extensive margin estimates around the 2009 tax cut. As the heir

sample is smaller in this period, the estimates are noisier with larger standard errors.

Even so, pre-reform heirs’ employment probability fell similarly by about 2.03 (s.e. 0.85)

pp in the second year after parental death. On average, they received 12.1 million TWD

(375,000 USD) more than controls, implying a baseline windfall effect of −0.17 pp per

million TWD, which is −0.54 pp per 100,000 USD.

To put our baseline windfall estimates in context, we compare them with prior studies.

Unlike our focus on heirs of the very wealthy, earlier work has generally examined much

broader heir populations. On the extensive margin, Nekoei and Seim (2023) draw on

population-wide Swedish data and find that a 9,350 USD inheritance gain lowered em-

ployment probability by 0.4 pp from a baseline employment of 85%, equivalent to about

exchange rate of 32 TWD per USD.
13The lag in employment decline is consistent with settlement processes for large estates and the fact that

our data do not capture the exact timing of distributions, as noted in Elinder et al. (2012).
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–4.3 pp per 100,000 USD.14 Holtz-Eakin et al. (1993), using a 1% sample of U.S. estate tax

returns, applied their logit estimates to simulate that a 781,000 USD inheritance would

reduce employment by 11.9 pp from a baseline 89%, which is –1.5 pp per 100,000 USD.15

By contrast, our estimates are much smaller than those in prior studies. The pre-2017

baseline estimate implies only –0.16 pp per 100,000 USD, while the pre-2009 baseline

estimate implies –0.54 pp per 100,000 USD. Both are below the effects documented in

broader heir populations.

This difference likely stems from the fact that our heirs of the very wealthy inherit

much larger sums than average heirs studied elsewhere, which points to diminishing

marginal responsiveness at high inheritance levels. This pattern also explains the dif-

ference between our two estimates. Pre-2017 heirs inherited substantially larger sums

on average than their pre-2009 counterparts, yet both groups showed similar absolute

employment declines, indicating that when inheritances are very high, each additional

increment induces smaller labor supply responses.

Predicted vs. Post-reform Observed Effects. We test whether the reform-induced in-

heritance shocks produced labor-supply responses implied by this baseline. For the 2017

tax increase, the baseline windfall effect predicts that a 44 million TWD reduction in

inheritance would reduce the employment decline from −2.4 pp to −0.2 pp (calculated

as −2.4 + 0.05 × 44) by the second year after parental death. However, the observed post-

reform estimate in the second year is −2.26 (s.e. 0.57) pp with a 95% confidence interval

of [−3.38, −1.14], statistically indistinguishable from the pre-reform effect. Moreover, the

predicted response of -0.2 falls outside this interval, suggesting that heirs’ employment

did not adjust as it would under a real-wealth windfall.

For the 2009 tax cut, it increased reported inheritances by 8.7 million TWD. Applying

the baseline windfall effect would predict employment to decrease from −2.03 pp to

−3.51 pp (calculated as −2.03− 0.17× 8.7) by year two. Instead, the observed post-reform

estimate by the second year is−1.18 (s.e. 0.71) pp with a 95% confidence interval of [−2.57,

0.21]. Again, the prediction of −3.51 falls outside the interval.

We next examine effects on the intensive margin, defined as log labor income. Panel C

and D show that neither the pre- nor post-reform estimates show statistically significant

14We convert the reported 58,000 SEK average inheritance to 2016 USD, assuming 2003 as the base year
(midpoint of their 2001-2005 treatment effects).

15We convert the 350,000 USD simulation exercise reported on page 425 to 2016 USD assuming the
number was based in 1985.
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effects, detecting no response on the intensive margin. Our null results are consistent

with the mixed evidence in prior work. Nekoei and Seim (2023) report around a 1% drop

in earnings, while Elinder et al. (2012) find a much smaller 0.02% decline. Holtz-Eakin

et al. (1993) find no effect for single filers and only small negative effects for joint filers.

Bø et al. (2019) find noisy estimates with large standard errors when examining effects on

hours worked.

Interpretation. In summary, the heir results provide evidence that the observed estate

tax responses reflect tax avoidance rather than real wealth change. If the reported inher-

itance shocks had represented true wealth transfer changes, heirs’ labor supply would

have responded in line with established windfall effects. Instead, we find no correspond-

ing adjustments in labor supply. This implies that the heirs are receiving just as much as

before the reform, but through ways that bypass the tax authority.

4.3 Discussion: Asymmetric Avoidance Channels with Sunk Costs
The preceding subsections documented four key avoidance patterns in the administrative

data: (i) estate responses are concentrated in liquid assets and manipulable deductions;

(ii) discrepancies between values reported at death and holdings one year earlier are

largest for liquid assets; (iii) closely held firms strategically reduce book values by inflating

liabilities; and (iv) heirs show no labor supply response despite large reported inheritance

changes. We now turn to potential channels that may explain how wealthy households

deploy avoidance instruments to produce these patterns, focusing on trust funds and

offshore arrangements that are not directly visible in the microdata but can be inferred

from broader aggregate evidence.

Appendix Figure C.2 shows the growth of aggregate trust fund sizes in Taiwan over

time, as reported by the Taiwanese Trust Association. Interestingly, there was a sharp

increase immediately after the 2017 estate tax increase, with trust fund sizes growing by

43% between 2017 and 2020. Offshore wealth plays another significant role in Taiwan.

Appendix Figure C.3, based on estimates from Alstadsæter et al. (2018), shows that in

2007 offshore wealth equaled 22% of GDP in Taiwan. This was well above the global

average of 9.8% and placed Taiwan 7th worldwide. Even more striking, Appendix Figure

C.4 shows Taiwan topping all countries for shell company ownership per capita in the

Panama Papers, indicating widespread use of offshore structures among the wealthy.

These avoidance structures help explain the observed asymmetry, consistent with a
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framework of tax planning with sunk costs. Trust funds, offshore accounts, and legal

arrangements require upfront investments, such as legal fees, administrative setup that

become sunk once established. Reversing these strategies, for example, by repatriating

offshore assets or dissolving trusts, can also be costly or subject to penalties. As a result,

individuals maintain existing avoidance structures during tax cuts but expand them

during tax increases, generating the asymmetrical pattern we observe.

5 Welfare Analysis
In this section, we adapt the sufficient-statistics framework of Chetty (2009) to the es-

tate tax setting, incorporating the intuition of sunk costs of avoidance to rationalize the

asymmetric elasticities we estimate and to guide welfare evaluation under tax reforms.

5.1 Model Setup
Consider an individual who has an initial wealth 𝑤. She consumes 𝑐 and shelters 𝑠 wealth

units at a resource cost Γ(𝑠), and reports the remainder as reported estates, 𝑅𝐸 ≡ 𝑤− 𝑐− 𝑠.

The true estates passed on are the after-tax reported estates plus the sheltered amount,

𝑒 ≡ (1− 𝜏) · 𝑅𝐸 + 𝑠 where 𝜏 ∈ [0, 1]. The utility from leaving estates to heirs is denoted by

Φ(𝑒), and preferences are assumed to be quasi-linear. The maximization problem is:

max
𝑐,𝑠

𝑐 +Φ(𝑒) − Γ(𝑠)

s.t. 𝑒︸︷︷︸
True estates

= (1 − 𝜏) · (𝑤 − 𝑐 − 𝑠)︸                     ︷︷                     ︸
After-tax reported estates

+ 𝑠︸︷︷︸
Sheltered amount

The first-order conditions are:

𝜕/𝜕𝑐 : (1 − 𝜏) · Φ′(𝑒) = 1

𝜕/𝜕𝑠 : 𝜏 · Φ′(𝑒) = Γ′(𝑠)

The first condition states that the individual will choose consumption such that the after-

tax marginal utility of leaving estates is equal to the marginal utility of consumption. The

second shows that the individual will shelter up to the point where the marginal benefit

of sheltering is equal to the marginal cost of sheltering.

Explaining the Asymmetry. How does this framework rationalize the asymmetry ob-

served in the data? In the static setup, individuals choose sheltering so that the marginal
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cost equals the marginal tax saved. This pins down the sheltering level in period 1. If the

tax rate then changes unexpectedly in period 2, the initial choices cannot be freely un-

done because sheltering involves sunk costs, i.e., the marginal cost of reducing sheltering

exceeds the marginal cost of increasing it. As a result, when tax rates rise, individuals

expand sheltering; however, when tax rates decrease, unwinding is costly and responses

are muted.

5.2 Welfare and Policy Analysis
We define welfare as the sum of individuals’ utilities and tax revenues and derive the

welfare change in response to tax rate changes:

𝑊(𝜏) = 𝑐 +Φ(𝑒) − Γ(𝑠)︸               ︷︷               ︸
Utility

+ 𝜏 · (𝑤 − 𝑐 − 𝑠)︸             ︷︷             ︸
Tax revenues

𝑑𝑊(𝜏) = −𝑅𝐸 · 𝑑𝜏
1 − 𝜏︸       ︷︷       ︸
𝑑𝑈

+
[
𝑅𝐸 · 𝑑𝜏︸     ︷︷     ︸

𝑑𝑀

− 𝜏 · 𝜀 · 𝑅𝐸 · 𝑑𝜏
1 − 𝜏︸             ︷︷             ︸

𝑑𝐵

]
The utility term 𝑑𝑈 reflects the utility change of leaving more or less after-tax estates.

The mechanical term 𝑑𝑀 is the direct revenue impact of changing the tax rate, holding

behavior fixed. The behavioral term 𝑑𝐵 is the revenue change due to behavioral responses

where 𝜀 ≡ 𝑑𝑅𝐸/𝑅𝐸
𝑑(1−𝜏)/(1−𝜏) is the elasticity of reported estates w.r.t. the net-of-tax rate.

This expression provides a framework for evaluating tax reforms under different

behavioral elasticities. Our empirical estimates indicate that both the tax increase and tax

cut show immediate responses, but their dynamics differ. The tax increase produces an

immediate sharp jump that remains stable, while the tax cut generates a compounded rise

as individuals gradually adjust. This difference matters for welfare evaluation. For tax

increases, the short-run elasticity approximates the long-run response and is sufficient to

capture welfare effects. However, for tax cuts, short-run estimates understate the ultimate

response, making both short- and long-run elasticities relevant for welfare analysis.

To illustrate, we apply this framework to the top 0.5% using our elasticity estimates

from both reforms. Table 6 presents the parameters and results. Panel A lists parameter

inputs. Panel B shows the utility change. Panel C decomposes tax revenue changes into

mechanical and behavioral margins where the ratio 𝑑𝐵/𝑑𝑀 indicates how much is lost

to behavioral responses for every 1 TWD mechanically raised. Panel D summarizes the

resulting welfare changes.
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2017 Tax Increase. Column (1) of Table 6 uses the elasticity from the tax cut to evaluate

the tax increase. Under this scenario, behavioral responses are modest. For each 1

TWD mechanically raised, only TWD 0.05 is lost to behavioral responses. This yields an

11.7 billion TWD revenue gain and a 2 billion TWD welfare loss. In contrast, Column

(2) uses the elasticity derived from the tax increase and reveals a much larger 5 billion

TWD welfare loss due to a stronger behavioral response. The discrepancy between

the two scenarios highlights that the welfare change would be overestimated by 61%

if policymakers mistakenly relied on elasticity estimates derived from tax cuts that are

muted because of sunk costs.

2009 Tax Cut. Column (3) uses the estimated elasticity of the tax cut to evaluate the tax

cut, which represents the short-run welfare impact of a tax cut. This results in a 13.9

billion TWD revenue loss but a 14 billion TWD welfare gain. In contrast, Column (4)

uses the larger elasticity estimate from the tax increase, which better approximates the

long-run impact after taxpayers have fully adjusted their avoidance strategies. This leads

to a welfare gain of 35.9 billion TWD because of a larger behavioral effect that offsets the

mechanical loss in tax revenues.

Policy Implications. The results highlight two important policy implications. First,

elasticities from tax increases and tax cuts are not interchangeable. Misapplying one to the

other could misestimate welfare effects and risk misguided policy conclusions. Second,

the fiscal dynamics of a tax cut differ from those of a tax increase. In the short run,

tax cuts reduce revenues because avoidance structures cannot be undone immediately.

However, over time, as taxpayers recover from sunk costs and adjust their behavior,

revenues may recover or even turn positive. The ultimate fiscal and welfare impact of

a tax cut therefore depends on the speed at which taxpayers adjust, underscoring the

importance of accounting for sunk costs in policy evaluation.

6 Conclusion
This study leverages two large estate tax reforms in Taiwan to analyze behavioral responses

to estate taxation. We find that responses are quick and persistent to both reforms, and are

asymmetric, with stronger reactions to the tax increase than to the cut. The asymmetry

is concentrated in liquid and easily adjusted components such as financial assets, deposit

savings, charitable contributions, and exemptions. Using three pieces of evidence on
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how decedents and heirs adjust, we argue that these responses are mainly driven by tax

avoidance rather than real wealth changes. First, divergences between reported values

at death and values reported a year earlier arise in liquid items but not in third-party-

reported assets. Second, closely held firms strategically inflated liabilities to reduce book

values as owners approached death. Third, heirs’ labor supply did not adjust despite

substantial inheritance shocks induced by the reforms.

The patterns align with a tax avoidance framework involving sunk costs: individuals

who have already invested in avoidance strategies are less likely to scale back during

a tax cut, but expand them when tax rates rise. We show that using elasticities from

scenarios with sunk costs could misestimate welfare impacts. For example, using the

tax-cut elasticity, which is muted by sunk costs, to evaluate a tax increase would lead

policymakers to underestimate the welfare cost and overestimate the net welfare effect.

Our findings have important policy implications. First, the substantial tax avoidance

in response to estate tax changes highlights the need for stronger enforcement measures,

such as expanding third-party reporting and international cooperation to detect offshore

assets. Second, the observed asymmetric responses to tax increases and cuts have signifi-

cant welfare consequences that must be considered when designing tax reforms. Finally,

the role of sunk costs in avoidance likely extends to other settings where tax planning

involves fixed costs, such as corporate income and wealth taxes.
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Figures

Figure 1: Estate Tax Schedule Over Time

Notes: This figure presents the estate tax schedules over time. The black line represents the schedule before
2006, with an exemption threshold of 7 million TWD (approximately 219K USD) and marginal tax rates
(MTRs) ranging between 2% and 50%. The blue line plots the schedule between 2006 and 2008, where the
exemption threshold increased to 7.79 million TWD, with MTRs remaining unchanged. The orange line
draws the schedule between 2009 and 2016, where the exemption threshold is 12 million TWD and a flat
MTR of 10%. The red dashed line is the schedule after 2017, where the exemption threshold stays the same
but two new MTR brackets are introduced for those above 62 million TWD. The corresponding percentiles
for 7.79 million, 12 million, and 62 million TWD are the 96th, 98th, and 99.5th percentiles, respectively.
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Figure 2: Density of Reported Estate Around Thresholds Over Time
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(B) Between 2006 and 2008

0

200

400

600

800

1000

Fr
eq

ue
nc

y

0 4 7 8 12 16 20
Reported Estate = Asset - Deduction (millions TWD)

2004
2005
2006
2007
2008

(C) Between 2009 and 2011
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(D) Between 2012 and 2019
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Notes: This figure presents the distribution of individuals around the exemption thresholds over time. Indi-
viduals are binned every 200,000 TWD (approximately 6,250 USD) interval. Panel A shows the distribution
between 2004 and 2005 and the black dashed line corresponds to the 7 million TWD threshold. Panel B
shows the distribution between 2004 and 2008. The black dashed line is the old 7 million TWD threshold
and the red one is the new 7.79 million TWD threshold. Panel C shows the distribution between 2004 and
2011. The black dashed lines on the left are the old 7 and 7.79 million TWD thresholds and the red dashed
line is the new 12 million TWD threshold. Panel D shows distributions in later years, showing that the
excess mass at the 2009-induced threshold remains even ten years later.
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Figure 3: The Effects of Estate Tax Reforms on Reported Estates

(A) 2017 Tax Increase: Top 0.5%
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(B) 2009 Tax Cut: Top 4%
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(C) 2009 Tax Cut: Top 4%-0.5% and Top 0.5%
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Notes: The figure plots the estimated coefficients of the interaction term and their 95% confidence intervals
from Specification (2). Panel A shows the result of the 2017 tax increase where the treated are those
predicted to be the top 0.5% and the control are those predicted to be between the 90th and 96th percentiles.
Panel B and C refer to the results of the 2009 tax cut, which affected the top 4%. The treated in Panel B
are those predicted to be above the top 4% and the control are those predicted to be between the 90th and
96th percentiles. Panel C splits the top 4% treated group into top 4%-0.5% and top 0.5% where the control
remains the same.
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Figure 4: Elasticity Estimates of Each Item
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Notes: This figure reports item-level elasticities with respect to the net-of-tax rate for components of the
estate base: housing, financial assets, deposit savings, other deductions, and charity and exemptions. For
ease of comparison with asset categories, we plot deduction elasticities with signs flipped, i.e., we multiply
the estimates for other deductions and charity and exemptions by −1. Estimates for the 2017 tax increase are
shown in blue and for the 2009 tax cut in orange. First-stage and reduced-form estimates used to construct
these elasticities are reported in Appendix Tables C.1 and C.2. The treated group comprises individuals
predicted to be in the top 0.5% of the distribution; controls are those predicted to be in the P90-P96.

40



Figure 5: The Effect of 2017 Tax Increase on Closely Held Firms
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(B) Liability / Pre-Asset
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(C) Asset / Pre-Asset
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(D) Log Sales Revenues
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Notes: This figure reports event-study estimates with 95% confidence intervals from Equation (5). Blue
markers represent owners who died before the 2017 tax increase, and orange markers represent those who
died after. Panel (A) plots book values, defined as assets minus liabilities. Panels (B) and (C) show liabilities
and assets separately. Values in Panels (A) to (C) are scaled by the average firm assets measured five to
seven years before death. Panel (D) reports the logarithm of sales revenues. The treated group consists of
firms whose owners were subject to the 2017 tax increase (predicted above the top 0.5%) and who at any
point in the seven years before death held more than one-third of the firm ownership. The treated and
control groups include 1,235 and 1,600 unique firms, respectively.
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Figure 6: The Effects of Reforms on Heirs’ Outcomes

I. Extensive margin: Probability of being employed
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II. Intensive margin: Log labor income

(C) 2017 Tax Increase (D) 2009 Tax Cut
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Notes: This figure plots event-study estimates with 95% confidence intervals from a specification analogous
to Equation (5), where the unit of analysis is heirs and the base period is 𝑘 = −1. The treated group includes
heirs whose parents are predicted to be in the top 0.5% of the estate distribution, and the control group
includes heirs whose parents are between the 90th and 96th percentiles. Blue markers represent heirs
whose parents died before the reform, and orange markers represent those whose parents died after. The
2017 samples contain 7,969 treated heirs and 80,031 controls; the 2009 samples contain 5,047 treated heirs
and 65,772 controls. Panels A and B show the extensive margin, defined as having positive labor income.
Panels C and D show the intensive margin, measured as the logarithm of labor income.
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Tables

Table 1: Diff-in-diff Estimates and Implied Elasticities

(1) (2) (3) (4)
2017 Tax Increase 2009 Tax Cut

All All Splitting into subgroups
Top 0.5% Top 4% Top 4%-0.5% Top 0.5%

Panel A: First stage
𝑇𝑖 -0.074 0.099 0.072 0.331

(0.001) (0.001) (0.001) (0.005)
Observations 29,576 25,569 24,510 16,634
Panel B: Reduced form
𝑇𝑖 × 𝑃𝑜𝑠𝑡𝑖 -0.204 0.131 0.138 0.154

(0.029) (0.016) (0.015) (0.044)
Observations 63,627 71,234 68,397 46,410
Panel C: Implied Elasticity
𝜀 2.757 1.323 1.917 0.465

(0.394) (0.162) (0.210) (0.133)
Notes: This table shows the diff-in-diff estimates and implied elasticities of reported estates with respect to
the net-of-tax rate, as described in Section 3.2. Panel A presents the first-stage effect on the change in log
net-of-tax rate using pre-reform samples. Panel B reports the reduced-form effect on log reported estates
using all samples. Panel C shows the implied elasticities calculated using the Delta method as reduced-form
scaled by first-stage. Column (1) shows the result of the 2017 tax increase. Columns (2)-(4) are the results
of the 2009 tax cut where (2) uses the full treated group top 4%. Column (3)-(4) split the top 4% into top
4%-0.5% and top 0.5%. Robust standard errors are in parentheses.
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Table 2: Elasticity of Estate/Inheritance w.r.t Net-of-tax Rate in Past Literature

Paper Variation Context Outcome variable Elasticity w.r.t. 1 − 𝜏

Panel A: Diff-in-diff
Mas-Montserrat (2019) Decrease (top 5%-1%) Spain Inheritance 1.88 (s.e. 0.23)
Our study† Decrease (top 4%-0.5%) Taiwan Estate 1.92 (s.e. 0.21)
Our study† Decrease (top 0.5%) Taiwan Estate 0.47 (s.e. 0.13)
Our study† Increase (top 0.5%) Taiwan Estate 2.76 (s.e. 0.39)
Panel B: Bunching (exemption kink)
Escobar et al. (2019) Bunching (0% to 10%) Sweden Inheritance 1.53 (s.e. 0.10)
Our study† Bunching (0% to 2%) Taiwan Estate 2.56 (s.e. 0.66)
Our study† Bunching (0% to 10%) Taiwan Estate 0.45 (s.e. 0.12)
Panel C: Bunching (within-positive kink)
Glogowsky (2021) Bunching (7% to 50%) Germany Inheritance 0.03 (s.e. 0.01)
Escobar et al. (2019) Bunching (10% to 20%) Sweden Inheritance 0.34 (s.e. 0.10)
Escobar et al. (2019) Bunching (20% to 30%) Sweden Inheritance 0.02 (s.e. 0.10)
Our study† Bunching (11% to 15%) Taiwan Estate 0.10 (s.e. 0.19)
Our study† Bunching (15% to 20%) Taiwan Estate 0.27 (s.e. 0.19)
Our study† Bunching (20% to 25%) Taiwan Estate 0.28 (s.e. 0.19)
Our study† Bunching (25% to 33%) Taiwan Estate 0.04 (s.e. 0.26)
Panel D: RDD
Escobar (2017) Decrease Sweden Inheritance 0.76 (s.e. 0.31)

Panel E: OLS
Kopczuk and Slemrod (2001) Time-series U.S. Estate Noisy, [-0.11, 0.09]
Joulfaian (2006) Time-series U.S. Tax rev/Avg tax rate 0.14 (s.e. 0.05)

Notes: This table compares our elasticity estimates, marked with †, with those in the existing literature, as described in Section 3.3. For consistency, we only
include studies with the outcome variable being either estate or inheritance in the literature. Mas-Montserrat (2019)’s estimate is taken from Column 4 in Table
4, using the specification with marginal tax rates. Escobar et al. (2019)’s exemption kink estimate is from Figure C1, and the within-positive kink estimates are
from Figure C2. Glogowsky (2021)’s number is from Column 5 in Table 1, using the pre-2009 period. Escobar (2017)’s reduced-form coefficient is reported
in Figure 1(a). As the net-of-tax rate change is not reported, we compute the implied elasticity by assuming that the average net-of-tax rate before the repeal
was 0.8, based on the average estate size in Table 1. Kopczuk and Slemrod (2001)’s number is from Table 3 Column III. Joulfaian (2006) reported an estimated
elasticity w.r.t. tax rate. We convert this by multiplying the number with −(1 − 𝜏)𝜏 and we use 0.4 for 𝜏. Standard errors are computed using the delta method
when the necessary inputs are available. In cases where only reduced-form coefficients are reported and the necessary information on the first stage is not
provided, we approximate the standard errors of the implied elasticity by assuming that the reported t-statistic remains constant when rescaling. While this
approach is an approximation rather than an exact calculation, it is the best feasible method given the information reported.
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Table 3: Elasticity of Each Item and Decomposition, Top 0.5%

(1) (2) (3) (4) (5) (6)
2017 Tax Increase 2009 Tax Cut

Elasticity Weight Contribution Elasticity Weight Contribution(normalized) (normalized)
Panel A: Assets
Housing -0.005 44.5% -0.008 -0.056 47.6% -0.117

(0.181) (0.052)
Financial assets 2.792 14.7% 1.367 0.127 10.1% 0.055

(0.353) (0.136)
Deposit savings 1.869 5.8% 0.361 0.376 3.8% 0.062

(0.425) (0.172)
Assets subtotal 1.720 0.001
Panel B: Deductions
Other deductions -0.537 29.4% -0.524 -0.180 31.6% -0.250

(0.373) (0.087)
Charity & exemptions -2.392 5.6% -0.448 -0.795 6.9% -0.240

(0.671) (0.152)
Deductions subtotal -0.972 -0.490
Panel C: Estates (Assets – Deductions) 2.692 0.491
% contribution from assets 63.9% 0.3%
% contribution from deductions 36.1% 99.7%

Notes: This table presents the decomposition analysis in Section 4.1 for the top 0.5%. Columns (1) and (4) report the item-level
elasticity estimates. Standard errors are in parentheses. Columns (2) and (5) show normalized weights, defined as each item’s share
of estates in the pre-reform treated group, rescaled to sum to 100% across all asset and deduction items: 𝑤norm

item/𝐸 =
𝑤item/E

𝑤A/E+𝑤D/E
where

𝑤item/𝐸 is the item’s share of the estate and the denominator is the sum of the weights of assets and deductions. Columns (3) and
(6) report each item’s contribution to the overall elasticity, calculated as the product of elasticity and the item’s unnormalized estate
share. Panel A covers asset components, including housing, financial assets, and deposit savings; assets subtotal is the sum of their
contributions. Panel B covers deduction components, including other deductibles and charity and exemptions; deductions subtotal
is the sum of their contributions. Panel C aggregates to estates, defined as assets subtotal minus deduction subtotal. % contribution
from assets and % contribution from deductions report the share of total estate elasticity attributable to each category, calculated as
the ratio of the subtotal contribution to the overall estate elasticity.
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Table 4: Comparing Reported Values at Death with Pre-Death Asset Holdings

(1) (2) (3)
ΔHousing
Wealth𝑡−3

ΔFinancial
Wealth𝑡−3

ΔDeposit
Wealth𝑡−3

Panel A: 2017 Tax Increase
𝑇𝑖 × 𝑃𝑜𝑠𝑡𝑖 0.003 -0.108 -0.015

(0.042) (0.013) (0.007)
Baseline mean (treated) 0.397 0.277 0.060
Observations 63,459 63,459 63,459
Panel B: 2009 Tax Cut
𝑇𝑖 × 𝑃𝑜𝑠𝑡𝑖 0.086 0.007 0.102

(0.065) (0.012) (0.008)
Baseline mean (treated) 0.405 0.101 0.035
Observations 46,272 46,272 46,272

Notes: This table presents the estimated coefficient on the interaction term in Specification (4), where the
outcome variables are replaced by the difference between the reported value of the item at death and the
value held one year before death, scaled by total wealth three years before death. This measure could be
positive or negative and is interpreted as the gap in reported asset values at death and a year prior relative to
baseline wealth. The treated group is those who are predicted to be in the top 0.5%, while the control group
includes those who are predicted to be between the 90th and 96th percentiles. Column (1) represents the
difference between the reported housing values and those from one year prior. Column (2) represents the
difference between reported financial assets at death (stocks and other financial instruments) and observed
stockholdings one year prior, as other financial instruments are not available in the lifetime data. Column
(3) represents the difference between the reported deposit savings and the imputed deposit savings from
one year prior. Baseline mean is the pre-reform mean of the dependent variable for the treated group.
Robust standard errors in parentheses.
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Table 5: The Effect of Estate Tax Reforms on Heirs’ Inheritance

(1) (2)
2017 Tax Increase 2009 Tax Cut

𝑇𝑗(𝑖) × 𝑃𝑜𝑠𝑡 𝑗(𝑖) -44.143 8.698
(9.535) (2.415)

Baseline mean (treated) 53.94 13.17
Observations 88,000 70,819

Notes: This table presents the estimated coefficient on the interaction term in Specification (6). The depen-
dent variable is average inheritance per heir, measured in 2016 million TWD and defined as the reported
after-tax estate minus gifts within two years, divided by the number of heirs. The treated group consists
of heirs whose parents are predicted to be in the top 0.5%, while the control group includes those whose
parents are predicted to be between the 90th and 96th percentiles. Column (1) reports estimates for the 2017
tax increase, and Column (2) for the 2009 tax cut. Baseline mean is the pre-reform mean of the dependent
variable for the treated group. Standard errors are in parentheses.
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Table 6: Data Moments and Results

(1) (2) (3) (4)
2017 Tax Increase 2009 Tax Cut

𝜀̂𝐶𝑢𝑡 = 0.465 𝜀̂𝐼𝑛𝑐 = 2.757 𝜀̂𝐶𝑢𝑡 = 0.465 𝜀̂𝐼𝑛𝑐 = 2.757
Panel A: Parameters
Mean 𝜏𝑡−1 (%) 9.8 9.8 34.2 34.2
Mean 𝑑𝜏 (%) 6.7 6.7 -25.1 -25.1
Aggregate 𝑅𝐸𝑡−1 183,714.5 183,714.5 73,277.6 73,277.6
Panel B: Utility
𝑑𝑈 -13,646.2 -13,646.2 27,952.4 27,952.4
Panel C: Tax Revenue
Mechanical (𝑑𝑀) 12,308.9 12,308.9 -18,392.7 -18,392.7
Behavioral (𝑑𝐵) 621.9 3,687.0 -4,445.3 -26,356.1
𝑑𝐵/𝑑𝑀 (%) 5.1 30.0 24.2 143.3
Total (𝑑𝑀 − 𝑑𝐵) 11,687.0 8,521.9 -13,947.4 7,963.5
Panel D: Welfare
𝑑𝑊 = 𝑑𝑈 + 𝑑𝑀 − 𝑑𝐵 -1,959.2 -5,024.3 14,005.0 35,915.9
Notes: This table presents the data moments and results of the welfare calculation in Section 5.2. Columns
(1) and (2) evaluate the 2017 tax increase using the elasticities estimated from the tax cut and the tax increase,
respectively. Columns (3) and (4) do the same for the 2009 tax cut. Panel A reports input parameters, where
𝜏𝑡−1 is the tax rate in 2016 for the 2017 tax increase and in 2008 for the 2009 tax cut. Aggregate 𝑅𝐸𝑡−1 is the
total sum of reported estates of the top 0.5% in 2016 for the 2017 tax increase and in 2008 for the 2009 tax
cut. Panel B reports the change in utility. Panel C reports the change in tax revenues. Panel D reports the
change in welfare. All values in millions 2016 TWD unless otherwise specified.
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Online Appendix

A Appendix to Section 2: Institutional Context & Data

A.1 Tax Assessment

Table A.1: Details of the Breakdown of Estates

Item Description
Panel A: Assets
Housing Land and houses are third-party-reported where the govern-

ment could verify from the property tax data. Housing values
are determined by government-announced prices, which are
typically updated every two years and lower than the market
prices.

Financial Assets Include publicly listed and privately held stock, and other fi-
nancial instruments. Stock ownership is third-party-reported
which the government can verify from the dividend income tax
records. Publicly listed stock is assessed at the market price
on the death date. Privately held stock is valued at the net
assets of the company on the death date. Other financial assets
are self-reported items such as trusts, insurance, farm output,
credits, cash, and jewelry.

Deposit savings Domestic bank savings are self-reported, although the govern-
ment has a third-party-reported proxy interest income from
the individual income tax records.

Panel B: Deductions
Charity and Exemptions Charitable contributions are donations to nonprofit organiza-

tions. Exemptions include spousal claims and estate taxes paid
within the last five years. Spousal claims are based on Arti-
cle 1030-1 of Taiwanese Civil Law: “Upon dissolution of the
statutory marital property regime, the remainder of the prop-
erty acquired by the husband or wife during marriage, after
deducting the debts incurred during the continuance of the
marriage relationship, if any, shall be equally distributed be-
tween the husband and the wife.” If the surviving spouse
owns less wealth than the decedent, they may claim half of the
decedent’s wealth before it is counted as part of the estate.

Continued on next page

1



Table A.1: (Continued)

Item Description
Other Deductions These include debts, farm, funeral, parent, dependent, spousal,

and disability deductions. Debt deductions require submis-
sion of relevant loan statements. Farm deductions represent
the value of agriculturally used properties. To claim a farm de-
duction, a certificate from the government must be provided,
verifying that the land is used for agricultural purposes. De-
pendent deductions were 450,000 TWD per dependent before
2009, increasing to 500,000 TWD after 2014. Parent deductions
were 1 million TWD per parent before 2009 and 1.23 million
TWD after 2014. Spousal deductions were 4.45 million TWD
before 2009, increasing to 4.93 million TWD after 2014. Disabil-
ity deductions were 5.57 million TWD before 2009, increasing
to 6.18 million TWD after 2014. Funeral deductions were 1.11
million TWD before 2009 and 1.23 million TWD after 2009.

Notes: This table details the items in the estates. Panel A lists asset components and Panel B lists deductions.

A.2 Gift Tax Schedule

Figure A.1: Gift Tax Schedule Over Time

Notes: This figure presents the gift tax schedules over time. The black line represents the schedule before
2006, with an exemption threshold of 1 million TWD and marginal tax rates (MTRs) ranging between 4%
and 50%. The blue line plots the schedule between 2006 and 2008, where the exemption threshold increased
to 1.11 million TWD, with MTRs remaining unchanged. The orange line draws the schedule between 2009
and 2016, where the exemption threshold is 2.2 million TWD and a flat MTR of 10%. The red dashed line
is the schedule after 2017, where the exemption threshold stays the same but two new MTR brackets are
introduced for those above 27.2 million TWD.
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A.3 Graphical Bunching Evidence
We augment our analysis using the bunching method following Saez (2010). This ap-

proach allows us to focus on taxpayers near specific kinks in the tax schedule who have

similar levels of estates. By comparing behaviors around kinks that are similar in estates

but differ in the type of tax change (exemption kinks versus within-positive kinks), we can

better isolate the impact of tax change type on taxpayer behavior. To make our estimation

comparable with the existing studies, we recover the counterfactual distribution near the

kink points by fitting a seventh-order polynomial and bootstrap the standard errors à la

Chetty et al. (2011).

Exemption kinks. First, we examine the exemption kinks and present the results in

Figure A.2. Panel A illustrates the exemption kink at 12 million TWD in the flat-rate

schedule during 2009–2019, associated with a tax rate change from 0% to 10%. Following

the existing literature, we construct counterfactual distributions using a seventh-order

polynomial, represented by the orange line. We report the excess mass estimate as 𝑏 =

2.68 (s.e. 0.74) and the elasticity estimate as 𝑒 = 0.45 (s.e. 0.12).

In Panel B, we analyze the exemption kink at 7.79 million TWD during the progressive

schedule in the 2006–2008 period, associated with a smaller tax rate change from 0% to

2%. The excess mass and elasticity estimates are 𝑏 = 1.99 (s.e. 0.52) and 𝑒 = 2.56 (s.e. 0.66),

respectively.

These findings suggest that individuals have a strong incentive to bunch at exemp-

tion thresholds. However, the different elasticity estimates imply that individuals do not

respond proportionally more to the magnitude of the tax rate change at exemption thresh-

olds, suggesting that there are factors beyond the magnitude of the tax rate influencing

taxpayer behavior.

Within-positive kinks. Next, we examine the within-positive-kinks in the progressive

schedule during 2006–2008. Panels C to F present the density distributions around the

fourth through seventh kinks at 12.80, 14.47, 18.92, and 24.49 million TWD, respectively.16

In all cases, we cannot reject the null hypothesis of no bunching. In other words, the

estimated elasticities at these within-positive-kinks are statistically insignificant.

16We exclude the within-positive-kinks at 8.46 million and 9.46 million TWD because they are too close
to the exemption thresholds; as shown in Panel B, there is no bunching around those kinks. For within-
positive-kinks above 24.49 million TWD, there are too few observations for credible estimation.
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Figure A.2: Bunching Estimates Using Exemption Kinks vs. Within-positive Kinks

(A) Exemption: 12M TWD, 2009-2019
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(B) Exemption: 7.79M TWD, 2006-2008
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(C) Within-positive: 12.8M TWD, 2006-2008
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(D) Within-positive: 14.47M TWD, 2006-2008
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(E) Within-positive: 18.92M TWD, 2006-2008
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(F) Within-positive: 24.49M TWD, 2006-2008

b = −0.576(0.672)
e = −0.235(0.275)

0

20

40

60

80

16 18 20 22 24 26 28 30 32

Reported Estate (millions TWD)

F
re

qu
en

cy

Tax rate change = 0.05 
 Threshold = 24.49 million (TWD)

Notes: This figure groups individuals into bins of 200,000 TWD of reported estates and plots the frequency
around different kinks, categorized by whether the kink is around an exemption threshold (exemption
kink) or adjusts tax rates within the positive region (within-positive kink). Panel A focuses on the years
between 2009 and 2019, when the exemption threshold was 12 million TWD. Panels B through F focus on
the progressive schedule between 2006 and 2008, when the exemption threshold was 7.79 million TWD.
Panel B shows the density around the exemption threshold, while Panels C through F present the densities
around the within-positive kinks at 12.8, 14.47, 18.92, and 24.49 million TWD, respectively.
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B Appendix to Section 3: Empirical Analysis

B.1 2017 Prediction Algorithm Details
Procedures. To construct decedents’ counterfactual estates in the absence of the reform,

we use a random-forest algorithm to predict a decedent’s reported estates at death based

on her pre-death wealth, income, and demographic information. The procedure is as

follows:

• Within those who died before the reform (2014-2016), select 70% as a training sample

and the remaining 30% as a hold-out sample

• Train a random forest model where the outcome variable is a discrete group variable

indicating the classification of one’s percentile of estate: i) below P90, ii) P90-P96,

iii) P96-P99.5, iv) above P99.5

• Predictors are the values and quantities of land, houses, publicly-listed stock,

privately-held stock, capitalized interest income, all measured four to ten years

before death, and demographics of gender, age, number of kids, marital status,

parents alive, etc

• In the above step, we tune parameters for the number of trees, number of variables

possibly split at each node, minimal node size

• Repeat the above step for each set of parameters and calculate the corresponding

precision and recall rates for each set of parameters

• Choose the best parameter set

• Apply it to the hold-out sample in the beginning to compute the precision and recall

rates

• In the final step, we apply the trained algorithm to all death samples in our studied

period (2014-2019)

• As we observe everyone’s pre-reform predetermined wealth, income, and demo-

graphic variables, which serve as the predictors in the algorithm, we can predict

everyone’s counterfactual estate percentile group had the reform not happened
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Important Predictors. We report the most important top 25 predictors in our algorithm

in Figure B.3. The top 5 are: wealth four years before death, wealth five years before

death, wealth 6 years before death, wealth 7 years before death, and land values four

years before death.

Figure B.3: Top 25 Important Predictors (2017)
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Notes: This figure shows the top 25 predictors in the random forest algorithm for the 2017 prediction. The
top five predictors, shown in blue, are total wealth four years before death, total wealth five years before
death, total wealth six years before death, land value four years before death, and total wealth seven years
before death, respectively.

Performance. Table B.2 presents the prediction performance, measured in precision and

recall rates using the hold-out samples. Precision rate is the number of individuals being

correctly predicted in the group over the number of individuals being predicted in the

group. Recall rate is the number of individuals being correctly predicted in the group

over the number of individuals actually in the group. Overall, the precision rates range

from 61% to 82% by group, and the recall rates range from 60% to 88%.
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Table B.2: Performance of 2017 Prediction Algorithm

Group Precision Recall
P90 81.8% 87.8%
P90-P96 60.5% 55.3%
P96-P99.5 66.3% 62.1%
P99.5 76.0% 59.5%

Notes: This table reports the precision and recall rates for each group in the random forest algorithm used
for the 2017 prediction using the hold-out sample. Precision is defined as the share of individuals correctly
predicted to belong to a group out of all individuals predicted to be in that group. Recall is defined as the
share of individuals correctly predicted to belong to a group out of all individuals actually in that group.

B.2 2009 Prediction Algorithm Details
Procedures. To construct decedents’ counterfactual estates in the absence of the reform,

we use a random-forest algorithm to predict a decedent’s reported estates at death based

on her past wealth and demographic information. The procedure is as follows:

• Within those who died before the reform (2007-2008), select 70% as a training sample

and the remaining 30% as a hold-out sample

• Train a random forest model where the outcome variable is a discrete variable

indicating the group of the individual: i) below P90, ii) P90-P96, iii) P96-P99.5, iv)

above P99.5

• Predictors are the values and quantities of land, houses, publicly-listed stock,

privately-held stock, capitalized interest income, total income, earned income, whether

a business owner, all measured three years before death, and demographics of gen-

der, age, number of kids, marital status, parents alive, etc

• In the above step, tune parameters for the number of trees, number of variables

possibly split at each node, and minimal node size

• Repeat the above step for each set of parameters and calculate the corresponding

precision and recall rates for each set of parameters

• Choose the best parameter set

• Apply it to the hold-out sample in the beginning and compute the precision and

recall rates
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• In the final step, we apply the trained algorithm to all death samples in our studied

period (2007-2011)

Important Predictors. We report the most important top 25 predictors in our algorithm.

Figure B.4 presents the overall top 25 most important predictors in our algorithm (2007-

2008). The top 5 are: total wealth three years before death, land values three years before

death, total income three years before death, quantity of land three years before death,

and the unit land price of land three years before death.

Figure B.4: Top 25 Important Predictors (2009)
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Notes: This figure shows the top 25 predictors in the random forest algorithm for the 2009 prediction. The
top five predictors, shown in blue, are total wealth, land value, total income, land area, and the average unit
price of land, all measured three years before death.

Performance. We report the performance of the prediction algorithm of the 2009 reform

using the hold-out sample.

Table B.3: Performance of 2009 Prediction Algorithm

Group Precision Recall
P90 70.9% 75.8%
P90-P96 60.3% 59.4%
P96-P99.5 63.1% 59.2%
P99.5 67.9% 52.7%

Notes: This table reports the precision and recall rates for each group in the random forest algorithm used
for the 2009 prediction using the hold-out sample. Precision is defined as the share of individuals correctly
predicted to belong to a group out of all individuals predicted to be in that group. Recall is defined as the
share of individuals correctly predicted to belong to a group out of all individuals actually in that group.
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B.3 Summary Statistics

Table B.4: Summary Statistics of Predicted Treated and Control Groups Before Reforms

(1) (2) (3) (4) (5)
2017 Tax Increase 2009 Tax Cut

Control Treated Control Treated
P90-P96 >P99.5 P90-P96 P96-P99.5 >P99.5

Age 76.34 77.85 72.88 74.33 75.07
Male (%) 67.19 73.39 71.40 73.57 78.66
Spouse Alive (%) 50.32 60.47 53.76 54.40 65.40
Number of Children 3.32 3.55 3.59 3.80 3.96
Reported Estate 8,619.5 244,126.0 5,353.5 14,033.6 119,824.1
Observations 27,407 2,169 15,575 8,935 1,059
Notes: This table presents summary statistics for pre-reform decedents in the predicted treated and control
groups. For the 2017 tax increase, columns (1) and (2) report statistics for the control group (predicted 90th-
96th percentiles) and treated group (predicted above 99.5th percentile), respectively, using decedents who
died between 2014 and 2016. For the 2009 tax cut, column (3) reports the control group (predicted 90th-96th
percentiles), while columns (4) and (5) report two treated subgroups (predicted 96th-99.5th percentiles and
above 99.5th percentile, respectively), using decedents who died between 2007 and 2008. Male and spouse
alive are reported as percentages. Reported estate values are in thousands of 2016 TWD.

B.4 Measurement Error in the Predicted Treatment Dummy
We discuss the measurement error bias in our main specification. When treatment status

is predicted using machine-learning methods, the resulting misclassification error does

not necessarily lead to attenuation bias, as shown in Battaglia et al. (2025). However, to

build intuition, it is helpful to consider a simpler textbook case in which misclassification

produces attenuation bias. This simplified case provides a transparent way to see how

the bias enters both the reduced form and the first stage, and why it cancels in the Wald

ratio. The reduced-form specification is:

log 𝑦𝑖 = 𝛼0 + 𝛼1 𝑇𝑖 × 𝑃𝑜𝑠𝑡𝑖 + 𝛼2 𝑇𝑖 + 𝛼3 𝑃𝑜𝑠𝑡𝑖 + 𝑢𝑖
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Taking expectations conditional on 𝑇𝑖 and 𝑃𝑜𝑠𝑡𝑖 :

𝐸(𝑦𝑖 |𝑇𝑖 = 1, 𝑃𝑜𝑠𝑡𝑖 = 1) = 𝛼0 + (𝛼1 + 𝛼2) · 𝑃(𝑇𝑖 = 1|𝑇𝑖 = 1) + 𝛼3

𝐸(𝑦𝑖 |𝑇𝑖 = 1, 𝑃𝑜𝑠𝑡𝑖 = 0) = 𝛼0 + 𝛼2 · 𝑃(𝑇𝑖 = 1|𝑇𝑖 = 1)

𝐸(𝑦𝑖 |𝑇𝑖 = 0, 𝑃𝑜𝑠𝑡𝑖 = 1) = 𝛼0 + (𝛼1 + 𝛼2) · 𝑃(𝑇𝑖 = 1|𝑇𝑖 = 0) + 𝛼3

𝐸(𝑦𝑖 |𝑇𝑖 = 0, 𝑃𝑜𝑠𝑡𝑖 = 0) = 𝛼0 + 𝛼2 · 𝑃(𝑇𝑖 = 1|𝑇𝑖 = 0)

Conditional on the sample,

𝛼1
𝑝

−→ 𝛼1 ·
[
𝑃(𝑇𝑖 = 1|𝑇𝑖 = 1) − 𝑃(𝑇𝑖 = 1|𝑇𝑖 = 0)

]
On the other hand, the first stage is:

log
(
1 − 𝜏𝑃𝑜𝑠𝑡𝑖

)
− log

(
1 − 𝜏𝑃𝑟𝑒𝑖

)
= 𝛽0 + 𝛽1 𝑇𝑖 + 𝑣𝑖

Assuming the mapping from predictors to treatment status is the same before and after

the reform in the absence of the reform, the same bias applies to the first stage. So,

conditional on the sample,

𝛽1
𝑝

−→ 𝛽1 ·
[
𝑃(𝑇𝑖 = 1|𝑇𝑖 = 1) − 𝑃(𝑇𝑖 = 1|𝑇𝑖 = 0)

]
Our elasticity estimator is the Wald ratio 𝜖̂ = 𝛼1/𝛽1. As both the numerator and denomi-

nator are multiplied by the same attenuation bias, the bias cancels out.

B.5 Robustness check: Stability of Algorithm
To assess the stability of the prediction algorithm, we conduct a series of checks using

only the pre-reform period data. These checks show that the model’s performance and

the importance of predictors are stable over time.

B.5.1 2017: Year-by-year cross-validation

We take each pre-reform calendar year (2014, 2015, 2016), randomly assign 70% to training

and 30% to hold-out, estimate the model on the training slice, and compute precision and

recall on the hold-out slice.

Most-important predictors. Panel A in Figure B.5 presents the overall top 25 most

important predictors in our algorithm (2014-2016). Panels B, C, and D present the results
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for 2014, 2015, and 2016 individually. In all cases, the most recent total wealth variables

rank highest. While the ordering of predictors ranked two through six occasionally shifts,

these changes have no substantive effect on the results.

Figure B.5: Top 25 Important Predictors Using Different Subsamples (2017)

(A) Baseline: 2014-2016
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(B) 2014
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(C) 2015
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(D) 2016
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Notes: This figure shows the top 25 important predictors using different subsamples as a robustness check
for the 2017 prediction. Panel (A) presents the baseline period, 2014–2016, used in the main prediction for
the 2017 tax increase. Panel (B) uses only the 2014 sample, Panel (C) uses only the 2015 sample, and Panel
(D) uses only the 2016 sample.

Predictive performance. Table B.5 presents the prediction performance, measured in

precision and recall rates using the hold-out samples. Precision rate is the number of

individuals being correctly predicted in the group over the number of individuals being

predicted in the group. Recall rate is the number of individuals being correctly predicted

in the group over the number of individuals actually in the group.

Column (1) and (2) refer to the precision and recall rates of our baseline performance

of the 2017 prediction algorithm, which uses 70% 2014-2016 as the training samples and

30% as the hold-out. Then, to show the stability over time, in Column (3) to (8) we split

them into 2014, 2015, and 2016, respectively. Overall, when splitting them by year, the

results are similar, landing support on the stability of the algorithm.
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Table B.5: Year-by-year Prediction Performance (2017)

(1) (2) (3) (4) (5) (6) (7) (8)
2014-2016
(Baseline) 2014 2015 2016

Group Precision Recall Precision Recall Precision Recall Precision Recall
P90 81.8% 87.8% 78.5% 88.1% 82.4% 88.1% 84.0% 87.5%
P90-P96 60.5% 55.3% 60.1% 54.2% 60.7% 56.1% 60.7% 55.5%
P96-P99.5 66.3% 62.1% 67.6% 57.8% 67.3% 62.0% 64.4% 66.3%
P99.5 76.0% 59.5% 78.5% 56.7% 75.3% 63.0% 74.8% 59.0%

Notes: This table shows the predictive performance of different subsamples. Column (1)-(2) is the baseline
period, 2014-2016, used in the main prediction for the 2017 tax increase. Column (3)-(4) use only the 2014
sample, Column (5)-(6) use only the 2015 sample, and Column (7)-(8) use only the 2016 sample. Precision is
defined as the share of individuals correctly predicted to belong to a group out of all individuals predicted
to be in that group. Recall is defined as the share of individuals correctly predicted to belong to a group
out of all individuals actually in that group.

B.5.2 2017: Cross-year prediction (train on year A, test on year B)

We next train the model on one pre-reform year (𝑡) and test it on a different pre-reform

year (𝑡 + 1 or 𝑡 + 2). This imitates our main application, where the model trained on

2014–2016 predicts the post-reform years. Table B.6 shows the predictive performance.

At the one-year horizon, training on 2014 and testing on 2015, or training on 2015 and

testing on 2016, exhibit similar precision and recall rates. When the horizon is stretched to

two years, i.e. trained on 2014 and tested on 2016, there is a slight decline in precision rate

for the upper groups, while the recall rate does not change much. Overall, they indicate

that the model generalizes well across time in the pre-period, reinforcing the validity of

our identification assumption.
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Table B.6: Cross-Year Training Prediction Performance (2017)

(1) (2) (3) (4) (5) (6)
Train 2014
Test 2015

Train 2015
Test 2016

Train 2014
Test 2016

Group Precision Recall Precision Recall Precision Recall
P90 84.6% 80.8% 84.6% 85.4% 86.9% 77.5%
P90–P96 56.6% 57.0% 59.0% 58.1% 55.5% 57.1%
P96–P99.5 59.0% 67.5% 63.6% 64.3% 52.3% 69.3%
P99.5 69.7% 68.5% 69.9% 60.8% 60.7% 68.1%

Notes: This table reports the predictive performance of different cross-year training and hold-out samples.
Columns (1)–(2) use 2014 as the training sample and 2015 as the hold-out sample. Columns (3)–(4) use
2015 as the training sample and 2016 as the hold-out sample. Columns (5)–(6) use 2014 as the training
sample and 2016 as the hold-out sample. Precision is the share of individuals correctly predicted to belong
to a group out of all individuals predicted to be in that group. Recall is the share of individuals correctly
predicted to belong to a group out of all individuals actually in that group.

B.5.3 2009: Year-by-year cross-validation

Figure B.6: Top 25 Important Predictors Using Different Subsamples (2009)

(A) Baseline: 2007-2008
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(B) 2007
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(C) 2008
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Notes: This figure shows the top 25 important predictors using different subsamples as a robustness check
for the 2009 prediction. Panel (A) presents the baseline period, 2007-2008, used in the main prediction for
the 2009 tax cut. Panel (B) uses only the 2007 sample. Panel (C) uses only the 2008 sample.

13



Table B.7: Year-by-year Prediction Performance (2009)

(1) (2) (3) (4) (5) (6)
2007-2008
(Baseline) 2007 2008

Group Precision Recall Precision Recall Precision Recall
P90 70.9% 75.8% 69.7% 75.2% 71.9% 76.4%
P90-P96 60.3% 59.4% 60.8% 58.8% 60.0% 60.0%
P96-P99.5 63.1% 59.2% 62.2% 59.4% 64.0% 59.1%
P99.5 67.9% 52.7% 61.8% 48.1% 73.1% 56.6%

Notes: This table shows the predictive performance of different subsamples. Column (1)-(2) is the baseline
period, 2007-2008, used in the main prediction for the 2009 tax cut. Column (3)-(4) use only the 2007 sample,
Column (5)-(6) use only the 2008 sample. Precision is defined as the share of individuals correctly predicted
to belong to a group out of all individuals predicted to be in that group. Recall is defined as the share of
individuals correctly predicted to belong to a group out of all individuals actually in that group.

B.5.4 2009: Cross-year prediction (train on year A, test on year B)

Table B.8: Cross-Year Training Prediction Performance (2009)

(1) (2)
Train 2007
Test 2008

Group Precision Recall
P90 72.5% 73.8%
P90-P96 58.1% 60.8%
P96-P99.5 63.0% 58.9%
P99.5 72.4% 49.0%

Notes: This table reports the predictive performance of different cross-year training and hold-out samples.
Columns (1)–(2) use 2007 as the training sample and 2008 as the hold-out sample. Precision is the share
of individuals correctly predicted to belong to a group out of all individuals predicted to be in that group.
Recall is the share of individuals correctly predicted to belong to a group out of all individuals actually in
that group.

B.6 Robustness check: Simple wealth-based classification
For transparency and robustness, we use a wealth-based rule that classifies treated and

control groups based on their pre-reform total wealth without using any machine learning

tools. This is motivated by the fact that the most recent total wealth variables have

consistently be the most influential predictors in our random forest algorithm. For the

2017 tax increase, we define the treated group as those whose wealth four and five years

before death were at the top 0.5%, and the control group as those between the 90th and
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96th percentiles. Similarly, for the 2009 tax cut, we use wealth three years before death to

define these groups.

Table B.9: Elasticity Estimates Using Simple Wealth-based Classification

(1) (2) (3) (4)
2017 Tax Increase 2009 Tax Cut

All All Splitting into subgroups
Top 0.5% Top 4% Top 4%-0.5% Top 0.5%

Panel A: First stage
𝑇𝑖 -0.060 0.091 0.061 0.284

(0.001) (0.001) (0.001) (0.005)
Observations 21,594 22,561 21,288 14,172
Panel B: Reduced form
𝑇𝑖 × 𝑃𝑜𝑠𝑡𝑖 -0.194 0.092 0.104 0.127

(0.037) (0.018) (0.017) (0.044)
Observations 49,595 62,028 58,729 39,056
Panel C: Implied Elasticity
𝜀 3.233 1.011 1.705 0.447

(0.619) (0.198) (0.280) (0.155)
Notes: This table reports elasticity estimates using a simple wealth-based classification, where treatment
status is assigned solely on the basis of pre-death total wealth, without machine-learning predictions. For
the 2017 tax increase, we define the treated group as those whose wealth four and five years before death
were in the top 0.5%, and the control group as those between the 90th and 96th percentiles. Similarly, for
the 2009 tax cut, we use wealth from three years prior to death to define these groups. Column (1) shows
the result of the 2017 tax increase. Columns (2)-(4) are the results of the 2009 tax cut where (2) uses the
full treated group top 4%. Column (3)-(4) split the top 4% into top 4%-0.5% and top 0.5%. Robust standard
errors are in parentheses.

B.7 Robustness check: Alternative Placebo Reform Year
To test the robustness of our prediction method, we use the years 2012, 2013, 2014, and

2015 as placebo reform years and show that no effect is detected under these scenarios.

The procedure is as follows. In the case of the placebo reform year 2012, we take those who

died between 2009 and 2011 and train a random-forest algorithm as previously described

to categorize their estate groups. We then apply the trained algorithm to the death samples

between 2009 and 2013 so that every dead person has a counterfactual estate group that

they belong to. We define those who are above the top 0.5% percentile as the treated and

those between the P90-P96 percentiles as the control as before. We estimate Equation 4

and present the estimates in Table B.10. In all scenarios, the estimated coefficients are

15



statistically insignificant, indicating that no effect on reported estate is detected.

Table B.10: Treatment Effect of Placebo Reform Years

(1) (2) (3) (4)
Period 2009-2013 2010-2014 2011-2015 2012-2016
Placebo Reform 2012 2013 2014 2015

𝑇𝑖 × 𝑃𝑜𝑠𝑡𝑖 0.043 -0.063 0.045 -0.044
(0.040) (0.041) (0.036) (0.034)

Observations 42,265 42,758 46,600 49,991
Notes: This table reports the treatment effect estimates from Specification (4), where reform years are
randomly assigned as placebo tests. Column (1) assigns 2012 as the reform year, Column (2) assigns 2013,
Column (3) assigns 2014, and Column (4) assigns 2015. Robust standard errors are in parentheses.

B.8 Robustness check: Alternative Control Groups
We show the robustness to alternative definitions of our control groups in both reforms.

The choice of control group involves a tradeoff: we would like to select a group whose

estates evolve similarly to the treated group (closer to the top percentiles) while avoiding

contamination from the reform (further down in the distribution). For the 2017 increase,

elasticity estimates are similar when using alternative definitions, except for the imme-

diately lower group, potentially because these taxpayers behaved in a forward-looking

manner and attempted to avoid crossing the threshold, consistent with Garbinti et al.

(2023). For the 2009 tax cut, the estimates are similarly consistent across alternative

control groups, except again for the immediately below group.
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Table B.11: Elasticity Estimates Using Alternative Control Groups

(1) (2) (3) (4)
2017 Tax Increase 2009 Tax Cut

Top 0.5% Top 4% Top 4%-0.5% Top 0.5%
P90-P93 2.985 1.641 2.507 0.600

(0.502) (0.185) (0.249) (0.134)
P93-P96 3.250 0.281 0.621 0.156

(0.488) (0.177) (0.243) (0.134)
P96-P98 2.791

(0.494)
P98-P99.5 0.683

(0.540)
P90-96 (baseline) 2.757 1.310 1.917 0.465

(0.394) (0.161) (0.210) (0.133)
Notes: This table presents elasticity estimates using alternative definitions of the control group. Column (1)
reports the results for the 2017 tax increase, where the treated group is the top 0.5% and the control group
is alternatively defined as percentiles 90–93, 93–96, 96–98, or 98–99.5. Columns (2)–(4) report the results
for the 2009 tax cut. Column (2) uses the full treated group (top 4%). Columns (3) and (4) split the treated
group into the top 4%–0.5% and the top 0.5%, respectively. Standard errors are in parentheses.

B.9 Robustness check: Alternative Gradient Boosting Algorithm
In our baseline prediction, we use a random forest algorithm. To test the sensitivity of the

choice of an algorithm, we replace it with a gradient boosting algorithm. We first present

the 2017 reform results, ordered by the important predictors, the prediction performance,

and analogously for the 2009 reform.

B.9.1 2017 Reform

Important predictors. Figure B.7 shows the comparison of the top 25 important pre-

dictors, where Panel A is the baseline prediction algorithm using the random forest and

Panel B uses the gradient boosting algorithm. Overall, the top influential predictors are

very similar.
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Figure B.7: Top Important Predictors: Baseline v.s. Gradient Boosting (2017)

(A) Baseline: Random forest
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Notes: This figure presents the top 25 most important predictors under alternative algorithms for the 2017
tax increase. Panel (A) reports the baseline estimation using the random forest algorithm. Panel (B) reports
the results using the gradient boosting algorithm.

Predictive performance. Table B.12 presents the prediction performance comparison

between the random forest (baseline) and gradient boosting. Overall, the precision and

recall rates across groups are highly identical.

Table B.12: Prediction Performance: Baseline v.s. Gradient Boosting (2017)

(1) (2) (3) (4)
Random forest (baseline) Gradient boosting

Group Precision Recall Precision Recall
P90 81.8% 87.8% 81.7% 87.7%
P90-P96 60.5% 55.3% 60.5% 55.5%
P96-P99.5 66.3% 62.1% 66.6% 61.3%
P99.5 76.0% 59.5% 74.3% 61.6%

Notes: This table reports the precision and recall rates under alternative algorithms for the 2017 tax increase.
Column (1)-(2) present the baseline estimation using the random forest algorithm. Column (3)-(4) report
the resuls using the gradient boosting algorithm. Precision is defined as the share of individuals correctly
predicted to belong to a group out of all individuals predicted to be in that group. Recall is defined as the
share of individuals correctly predicted to belong to a group out of all individuals actually in that group.

B.9.2 2009 Reform

Important predictors. Figure B.7 presents the comparison of the top 25 important pre-

dictors, where Panel A is the baseline random forest algorithm and Panel B is the gradient

boosting algorithm. Overall, the top initial predictors are very similar.
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Figure B.8: Top Important Predictors: Baseline v.s. Gradient Boosting (2009)

(A) Baseline: Random forest
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Notes: This figure presents the top 25 most important predictors under alternative algorithms for the 2009
tax cut. Panel (A) reports the baseline estimation using the random forest algorithm. Panel (B) reports the
results using the gradient boosting algorithm.

Predictive performance. Table B.13 presents the prediction performance comparison

between the random forest (baseline) and gradient boosting. Overall, the precision and

recall rates are highly identical.

Table B.13: Prediction Performance: Random Forest v.s. Gradient Boosting (2009)

(1) (2) (3) (4)
Random forest (baseline) Gradient boosting

Group Precision Recall Precision Recall
P90 70.9% 75.8% 69.7% 74.2%
P90-P96 60.3% 59.4% 58.2% 58.5%
P96-P99.5 63.1% 59.2% 63.3% 57.9%
P99.5 67.9% 52.7% 68.2% 51.2%

Notes: This table reports the precision and recall rates under alternative algorithms for the 2009 tax cut.
Column (1)-(2) present the baseline estimation using the random forest algorithm. Column (3)-(4) report
the resuls using the gradient boosting algorithm. Precision is defined as the share of individuals correctly
predicted to belong to a group out of all individuals predicted to be in that group. Recall is defined as the
share of individuals correctly predicted to belong to a group out of all individuals actually in that group.

B.10 Robustness check: Anticipation
Table B.14 presents the estimated elasticities assuming that there is an anticipatory be-

havior from decedents. We define the reform year as a year before the true reform year,

train the algorithm using the newly defined pre-reforms samples, predict the treated and

control groups, and estimate the diff-in-diff.

19



Table B.14: Elasticity Estimates with Anticipatory Behavior

(1) (2) (3) (4)
2017 Tax Increase 2009 Tax Cut

Baseline Anticipated Baseline Anticipated
Panel A: First stage
𝑇𝑖 -0.074 -0.067 0.331 0.333

(0.001) (0.001) (0.005) (0.007)
Observation 29,576 18,863 16,634 8,458
Panel B: Reduced form
𝑇𝑖 × 𝑃𝑜𝑠𝑡𝑖 -0.204 -0.166 0.154 0.151

(0.029) (0.036) (0.044) (0.056)
Observation 63,627 64,811 46,410 48,652
Panel C: Elasticity
𝜀 2.757 2.478 0.465 0.453

(0.394) (0.539) (0.133) (0.168)
Notes: This table reports elasticity estimates under the assumption that individuals anticipated the reforms
by assigning the treatment year one year earlier, i.e., 2016 for the 2017 tax increase and 2009 for the tax cut.
Panel A presents the first-stage effect on the change in log net-of-tax rate using pre-reform samples. Panel
B reports the reduced-form effect on log reported estates using all samples. Panel C shows the implied
elasticities calculated using the Delta method as reduced-form scaled by first-stage. Columns (1)–(2) present
the results for the 2017 tax increase, where Column (1) is our baseline estimate and Column (2) incorporates
anticipation. Columns (3)–(4) present the analogous results for the 2009 tax cut. In both reforms, the control
groups are those predicted between the 90th and 96th percentiles and the treated group is the top 0.5%.
Standard errors are in parentheses.

B.11 Robustness: Macroeconomic Condition
One of our main findings is that we observe a stronger response to the tax increase than to

the tax cut. A potential explanation could be the macroeconomic context, as the financial

crisis coincided with the 2009 tax cut, while the economy was relatively stable during the

2017 tax increase. If this difference matters, one could argue that the smaller response

to the 2009 tax cut reflects individuals being constrained in adjusting their assets amid a

collapsing financial market. We provide three explanations to show this is not the case.

First, as shown later in Section 4.1, when we break down estate items, deposit savings,

a liquid and movable asset that can be adjusted even during a recession, are still valued

differently between a tax increase and a cut.

Second, if the concern is the stock market being “illiquid” during the recession, we

show that trading in the Taiwanese Stock Exchange rebounded relatively quickly during

the financial crisis. As shown in Appendix Figure B.9, trading volume dipped towards

20



the end of 2008 but began to recover in the first quarter of 2009. By April 2009, trading

volume had returned to pre-crisis levels, suggesting that the stock market was still very

dynamic at the time.

Third, to further support our argument, we use individuals’ pre-reform stock holding

fraction to proxy their exposure to the financial crisis. We classify the top 0.5% of decedents

into two groups: those with a stock holding fraction above the mean (highly exposed) and

those below the mean (less exposed), and we estimate the specifications in Equations (3)

and (4) separately for each group. Appendix Table B.15 presents the elasticity estimates

for each group. The results indicate that the 95% confidence intervals overlap and there is

no differential response based on stock holding fraction, lending support to the argument

that exposure to the financial crisis does not explain the observed asymmetry in responses.

Figure B.9: Taiwanese Stock Exchange Trading Volume and Values 2006–2011

Notes: This figure presents the trading volume and values in the Taiwanese Stock Exchange between 2006 and 2011. The source is
https://www.twse.com.tw/en/.
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Table B.15: Elasticity Estimates Split by Pre-reform Fraction of Stockholding, Top 0.5%

(1) (2)
Low Stock High Stock

Panel A: First stage
𝑇𝑖 0.312 0.366

(0.006) (0.009)
Observations 13,546 3,088
Panel B: Reduced form
𝑇𝑖 × 𝑃𝑜𝑠𝑡𝑖 0.142 0.151

(0.051) (0.082)
Observations 37,824 8,586
Panel C: Implied Elasticity
𝜀 0.455 0.413

(0.164) (0.224)
Notes: This table reports the elasticity estimates for the top 0.5% during the tax cut, split by their pre-reform
fraction of stockholdings as a proxy for exposure to the financial crisis. Column (1) presents the results for
individuals whose stockholdings relative to total wealth before the reform were below the average, while
Column (2) presents the results for those above the average. Robust standard errors are in parentheses.

B.12 Robustness check: Gifting
The goals of this robustness check are twofold. First, we show that changes in reported

estates after both reforms are not due to changes in gifting. Second, we analyze the incen-

tives involved by considering the costs of estate, gifting, and other avoidance strategies,

as well as an individual’s expected survival within two years (as this affects whether gifts

count toward the estate tax). This allows us to explore the tradeoffs between these factors

and test if these mechanisms hold empirically.

Changes in gifting do not account for changes in estates. For the first goal, we estimate

Equation (4) with gifts made within two years before death, scaled by pre-reform average

wealth. Appendix Table B.16 presents the results: Column (1) shows that, after the 2017

tax increase, decedents reduced gifts by about 2.7%, suggesting that decreased estates are

not due to increased gifting, as we would expect an increase in gifting if it were driving

the decrease in reported estates. Column (2) indicates no significant change in gifting

after the 2009 tax cut, supporting that gifting does not explain the increased estates.

Mechanism and predictions. Why do we see different gifting responses between the

two reforms? We analyze the incentives in each reform, as shown in Appendix Table
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B.17. Gifting responses depend on: (i) the relative cost of leaving an estate versus gifting,

(ii) the relative cost of gifting versus other tax avoidance strategies. In addition, these

channels differ in whether individuals expect to live or die within the two-year window.

Panel A in Appendix Table B.17 outlines the mechanisms underlying the 2017 reform,

where both estate and gift taxes increased. For individuals expecting to die within

two years, gifting provides no tax advantage, as any gifts made within this timeframe are

included in the estate tax base. As a result, the relative cost between estate and gifting does

not matter. However, the increased cost of gifting relative to other avoidance strategies

matters, leading individuals to reduce gifting in favor of other strategies. Overall, we

predict that these individuals will gift less.

For those expecting to live longer than two years, the effect is less clear. The increased

relative cost of gifting versus leaving an estate creates a mixed incentive: they may choose

to gift more to reduce a now higher future estate tax, but this incentive is reduced by the

higher cost of gifting. In addition, the increased cost of gifting relative to other avoidance

strategies may discourage gifting. The combined effects of these two channels result in

an ambiguous impact on gifting behavior.

Panel B discusses the predictions of the 2009 reform when both estate and gift taxes

decreased. For individuals expecting to die within two years, the relative cost between es-

tate and gifting remains irrelevant. Although the cost of gifting relative to other avoidance

strategies is now lower, it is unlikely that individuals will switch from other avoidance

strategies to gifting, as gifts will be counted toward the tax base. Therefore, we expect no

change in gifting behavior.

For those expecting to live longer than two years, the relative cost between estate and

gifting yields an ambiguous effect: they may choose to gift more to reduce future estate

tax liability, but the lower cost of leaving an estate could reduce the incentive to gift now.

Regarding the relative cost between gifting and other avoidance strategies, the lower gift

tax encourages a shift from other strategies to gifting, which could lead to increased

gifting. The combined effect of these channels is thus ambiguous.

We test these predictions in Appendix Table B.18, using sudden death as a proxy for

individuals’ expectations of survival17. The results of the 2017 tax increase are in Columns

(1) and (2). Nonsudden deaths (those likely expecting to die within two years) reduced

17We define a death being sudden if the cause of death is one of the following: traffic accidents, natural
disasters, lightning strikes, workplace accidents, acute asthma, strokes, choking, drowning, fire.
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gifting by about 2.6%, while sudden deaths showed no change. For the 2009 tax cut,

shown in Columns (3) and (4), nonsudden deaths showed no change in gifting, while

sudden deaths showed a 4% increase. This increase suggests that the combined effect

of gifting to reduce estate and shifting from other avoidance strategies to gifting due to

the lowered gift tax dominates the reduced cost of leaving an estate. These findings are

consistent with our predictions.

Table B.16: The Effect of Reforms on Gifts Within Two Years Before Death, Top 0.5%

(1) (2)
2017 Tax Increase 2009 Tax Cut

𝑇𝑖 × 𝑃𝑜𝑠𝑡𝑖 -0.026 0.003
(0.006) (0.005)

Observations 63,627 46,410
Notes: This table reports the treatment effect results of Specification (4) where the dependent variable is
gifts made within two years before death, scaled by pre-reform average total wealth. The treated group
comprises individuals predicted to be in the top 0.5%, and the control group comprises those predicted
to be in the P90–P96 range. Column (1) shows the results of the 2017 tax increase, and Column (2) shows
those of the 2009 tax cut. Robust standard errors are in parentheses.

Table B.17: Predictions of Gifting Behavior When Estate and Gift Taxes Change

Expect to Die Within Two Years Expect to Live Within Two Years
(nonsudden deaths) (sudden deaths)

Panel A: 2017 Both Taxes Increase
Estate vs. Gifting Gifting does not reduce estate Gifting can reduce estate, but gifting is

⇒ No change now more costly ⇒ Ambiguous. Could
gift more or less

Gifting vs. Other Avoidance Want to switch gifting to other Want to switch gifting to other
avoidance due to higher cost of gifting avoidance as gifting is now more costly
⇒ Gift less ⇒ Gift less

Overall Prediction Gift less Ambiguous
Panel B: 2009 Both Taxes Decrease
Estate vs. Gifting Gifting does not reduce estate Gifting reduces estate, but estate

⇒ No change is now cheaper ⇒ Ambiguous.
Could gift more or less

Gifting vs. Other Avoidance Will not want to switch from other May switch other avoidance to gifting
avoidance to gifting as it will count due to reduced cost of gifting ⇒ Gift more
toward tax base ⇒ No change

Overall Prediction No change Ambiguous

Notes: This table summarizes the predicted effects of estate and gift tax changes on gifting behavior under
different scenarios. Panel A considers the 2017 reform, in which both estate and gift taxes increased, and
Panel B considers the 2009 reform, in which both taxes decreased. The scenarios are separated by expected
survival: nonsudden deaths proxy for individuals who likely anticipated death within two years, while
sudden deaths proxy for those who did not. The table outlines how the relative cost of leaving an estate,
making gifts, or using other avoidance strategies shapes predicted gifting responses in each case.
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Table B.18: The Effect of Reforms on Gifts Within Two Years Before Death By Cause of
Death, Top 0.5%

(1) (2) (3) (4)
2017 Tax Increase 2009 Tax Cut

Non-sudden Sudden Non-sudden Sudden

𝑇𝑖 × 𝑃𝑜𝑠𝑡𝑖 -0.025 -0.145 0.002 0.035
(0.006) (0.092) (0.006) (0.016)

Observations 63,061 557 45,703 529
Notes: This table reports the treatment effect results of Specification (4), where the dependent variable is
gifts made within two years before death, scaled by pre-reform average total wealth. The treated group
comprises individuals predicted to be in the top 0.5% of the estate distribution, and the control group
comprises those predicted to be between the 90th and 96th percentiles. Columns (1)–(2) present results
for the 2017 tax increase, where Column (1) corresponds to nonsudden deaths and Column (2) to sudden
deaths. Columns (3)–(4) present analogous results for the 2009 tax cut. Robust standard errors are in
parentheses.
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C Appendix to Section 4: Mechanism

C.1 Source of Responses: Elasticity Estimates Details by Item

Table C.1: Elasticity by Item Computation for 2017 Tax Increase, Top 0.5%

(1) (2) (3) (4) (5)
Housing Financial Deposit OthDed Charity/Exemp

Panel A: First stage
𝑇𝑖 -0.074 -0.074 -0.074 -0.074 -0.074

(0.001) (0.001) (0.001) (0.001) (0.001)
Panel B: Reduced form
𝑇𝑖 × 𝑃𝑜𝑠𝑡𝑖 32.26 -4,256.75 -1,124.07 1,108.97 1,329.51

(973.31) (535.96) (254.96) (770.42) (372.74)
Pre-period mean 72,698.56 20,603.28 8,130.71 27,942.14 7512.00
Rel. change 0.0004 -0.2066 -0.1383 0.0397 0.1770

(0.0134) (0.0260) (0.0314) (0.0276) (0.0496)
Panel C: Implied Elasticity

-0.0054 2.7919 1.8689 -0.5365 -2.3919
(0.1811) (0.3534) (0.4251) (0.3730) (0.6710)

Notes: This table reports item-level elasticity estimates with respect to the net-of-tax rate for the top 0.5% of
the estate distribution during the 2017 tax increase. Panel A shows the first-stage effect on the change in log
net-of-tax rate. Panel B reports the reduced-form effects on reported values of each item, along with their
pre-period means in thousands TWD and relative changes (scaled by pre-reform mean). Panel C presents
the implied elasticities using the Delta method. Robust standard errors are in parentheses.
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Table C.2: Elasticity by Items Computation for 2009 Tax Cut, Top 0.5%

(1) (2) (3) (4) (5)
Housing Financial Deposit OthDed Charit/Exemp

Panel A: First stage
𝑇𝑖 0.331 0.331 0.331 0.331 0.331

(0.005) (0.005) (0.005) (0.005) (0.005)
Panel B: Reduced form
𝑇𝑖 × 𝑃𝑜𝑠𝑡𝑖 -1,133.04 480.78 551.26 -1,892.94 -1,967.53

(1,049.02) (480.78) (551.26) (915.88) (375.24)
Pre-period mean 61,155.57 11,447.78 4,434.14 31,734.51 7,479.61
Rel. change -0.0185 0.0420 0.1243 -0.0596 -0.2631

(0.0172) (0.0450) (0.0570) (0.0289) (0.0502)
Panel C: Implied Elasticity

-0.056 0.127 0.376 -0.180 -0.795
(0.052) (0.136) (0.172) (0.087) (0.152)

Notes: This table reports item-level elasticity estimates with respect to the net-of-tax rate for the top 0.5%
of the estate distribution during the 2009 tax cut. Panel A shows the first-stage effect on the change in log
net-of-tax rate. Panel B reports the reduced-form effects on reported values of each item, along with their
pre-period means in thousands TWD and relative changes (scaled by pre-reform mean). Panel C presents
the implied elasticities using the Delta method. Robust standard errors are in parentheses.

C.2 The Effect of 2017 Reform on Closely Held Firms
We test the robustness of our results to alternative ownership thresholds. In our baseline,

a firm is classified as closely held if the decedent owned more than one-third of the

company. Here, we show that the findings are similar when applying stricter thresholds

of 40% and 50%. Panel (A) of Figure C.1 presents book value trends using the 40% cutoff,

while Panel (B) applies the 50% cutoff. In both cases, firms whose owners died after the

2017 tax increase experienced a decline in book value prior to death.
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Figure C.1: Robustness to Alternative Thresholds for Closely Held Firms

(A) Using 40% as threshold

-.6

-.4

-.2

0

.2

B
oo

k 
Va

lu
e 

/ P
re

 A
ss

et

-7 -6 -5 -4 -3 -2 -1
Year Since Owner's Death

Pre 2017 Tax Increase
Post 2017 Tax Increase

(B) Using 50% as threshold
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Notes: This figure reports event-study estimates with 95% confidence intervals from Equation (5). Blue
markers represent owners who died before the 2017 tax increase, and orange markers represent those who
died after. Panel (A) defines the treated group as firms whose owners were subject to the 2017 tax increase
and who at any point in the seven years before death held more than 40% of the company’s ownership,
while Panel (B) uses 50% as the threshold. The number of treated and control firms are 1,029 and 1,597,
respectively, in Panel (A), and 748 and 1,596 in Panel (B). The outcome variable is book value, defined as
assets minus liabilities, scaled by the average firm assets measured five to seven years before death.

C.3 Aggregate Trust Fund Sizes Over Time

Figure C.2: Trust Fund Sizes in Taiwan Over Time
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Notes: This figure shows the trust fund sizes in Taiwan between 2011 and 2020. Data source: https:
//www.trust.org.tw/tw/about/annual-reports.
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C.4 Taiwanese Offshore Wealth as a Share of GDP

Figure C.3: Taiwanese Fraction of Offshore Wealth Over GDP
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Notes: This figure plots the fraction of offshore wealth as a share of GDP. The global average is 9.8%. The
data source is Alstadsæter et al. (2018). The sample is restricted to economies with GDP above $200 billion
in 2007.

Figure C.4: Taiwan’s Share of Offshore Wealth
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Notes: This figure shows the number of shell companies appeared in the Panama Paper Leaks over GDP.
The median is 28.4%. The data source is Alstadsæter et al. (2018). The sample is restricted to economies
with GDP above $100 billion in 2007.
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