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Abstract

We fit log-normal, exponential, Pareto type I and Pareto type II distributions to US
wealth data from 1989 to 2019 and examine the goodness of fit. Unlike earlier literature
this paper uses high quality data, covering the entire US population, yielding powerful and
unbiased tests. Beyond the 915 percentile the type II distribution consistently provides the
best fit to the data and supports the hypothesis of a thick-tailed wealth (and by extension
income) distribution. In addition, our results highlight the changing shape of the tail with
decreasing concentration up to the 98" percentile and increasing concentration beyond. Our
results suggest that practitioners modelling the distribution of wealth in situations where
only limited data is available, a type I Pareto distribution might still serve as a valuable bias

correction tool but should only be fitted to the top 1% of the population.
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1 Introduction

This paper revisits the old question about the shape of the distribution of wealth among house-
holds. Since Pareto’s (1964) influential work, thick! tails have been documented and used in the
modelling of waves, city sizes, finance (Bouchaud et al. 2004) and technology adoption (Meade
& Tslam 2006, Kishi 2019). See Gabaix (2016) for an extensive overview. Whether the wealth
distribution exhibits a thick tail — what we will call the Pareto hypothesis (PH) — and if so
how thick this tail is and how its shape changes along the distribution, is important for three
reasons. First, there is a growing empirical literature relying on the assumption of a Pareto
tail in its analysis. Examples include adaptations of wealth survey data for missing top wealth
observations (Advani, Bangham & Leslie 2020, Bach et al. 2018, Eckerstorfer et al. 2016, Ver-
meulen 2016, 2018, Wildauer & Kapeller 2021, 2022), wealth tax revenue estimations (Advani,
Hughson & Tarrant 2020, Kapeller et al. 2021, Tippet et al. 2021, Krenek & Schratzenstaller
2022, Apostel & O’Neill 2022) and the Distributional National Accounts (DINA) literature which
aims at producing micro data sets which are consistent with national aggregates (Piketty et al.
2018, Blanchet et al. 2021, Garbinti et al. 2018, Waltl 2022, Jenkins 2016, Chakraborty et al.
2019). For all of these papers the validity of the Pareto hypothesis is a key assumption. Second,
modelling tax policy for both wealth and top income taxation? is crucially influenced by the
presence of thick tails (Saez 2001, Saez & Stantcheva 2016, 2018). Thirdly, the Pareto hypothesis
can inform our theoretical understanding and modeling of wealth accumulation. If the Pareto
hypothesis holds, we should focus on modelling and understanding mechanisms that allow for
the result of thick tails (Benhabib & Bisin 2018).

The existing empirical evidence on the Pareto hypothesis is mixed. Some authors accept
or support it (Klass et al. 2006, Levy & Solomon 1997, Sinha 2006, Ning & You-Gui 2007,
Jagielski et al. 2017, Dragulescu & Yakovenko 2001), others reject it (Chan et al. 2017, Ogwang
2013) or report inconclusive results (Brzezinski 2014, Campolieti 2018, Ogwang 2011). However,
most of these contributions exhibit three shortcomings. Firstly, the data used for testing the
Pareto hypothesis does not adequately represent the wealth distribution. These studies heavily
rely on rich list data, i.e. lists of billionaires and millionaires compiled for national business
magazines or newspapers by journalists for the entertainment of their readers. The details of
how these lists are constructed are often poorly documented and hardly traceable. Moreover,
different magazines can report wildly different results for the same households or individuals
(Capehart 2014), indicating serious measurement errors. Secondly, rich list data only covers
a tiny proportion of the wealth distribution. For example, the Forbes 400 list represent only

0.0003% of the US population and the range of wealth holdings on the list only covers a single

'We are following Benhabib & Bisin (2018) with their notion of thick (fat) tails which means tails following
a power law decay, meaning that they decrease in magnitude more slowly than if they were to decrease, e.g.,

exponentially or following a log-normal distribution, which Benhabib & Bisin (2018) both classify as thin-tailed.
2The nature of the wealth distribution is relevant for capital income taxation, especially at the top, as a thick-

tailed wealth and hence capital distribution implies a heavily skewed or thick-tailed capital income distribution.
This is true even if uniform or equal returns to investment regardless of wealth levels are assumed, but even more
relevant considering that the returns to more extreme wealth are often disproportionately higher (Fagereng et al.
2020, Bach et al. 2020).



order of magnitude. Thirdly, these authors test the Pareto hypothesis using the type I Pareto
distribution which is characterised by its scale invariance property. This means a type I Pareto
population exhibits self-similarity: The share of the richest 10% of individuals is the same as
the share of the richest 10% within the top 10% and so on. This is a fairly rigid pattern which
need not hold in the data. All three shortcomings can contribute to wrongly rejecting the PH
and thus a more powerful test is needed.

This paper presents a test of the Pareto hypothesis which does not suffer from either of these
problems. By using data from the Survey of Consumer Finances (SCF) for the United States
we use the best and most granular data available on the US distribution of wealth. The SCF
uses tax data to implement effective oversampling and thus addresses differential non-response
problems (Avery et al. 1988, Bricker et al. 2016, Kennickell 2017, Osier 2016) while producing
a representative sample of the entire population of US households. Furthermore, we directly
address the exclusion of the richest 400 families on the Forbes list of billionaires from the SCF
by using a rank correction approach (Wildauer & Kapeller 2022). We make three contributions
to the existing literature. Firstly, using the SCF allows us to test the Pareto hypothesis on a
much higher quality dataset compared to rich lists. This means we are less likely to wrongly
reject the PH due to measurement errors. Secondly, by using data from the Survey of Consumer
Finances (SCF) instead of rich-lists we can test the Pareto hypothesis for the top 10% instead
the top 0.0003% of the US population. This yields a more powerful test, since wealth in the
SCF between the 91%¢ percentile and the maximum stretches over three orders of magnitude
rather than one in rich list data. In addition, it also allows us to assess the length of the Pareto
tail. Thirdly, while the existing literature mostly relies on type I Pareto distributions, we use an
estimator for type II Pareto distributions based on Castillo & Hadi (1997) which can be applied
to weighted survey data and has only recently been introduced to the wealth survey literature
(Heck et al. 2020, Kennickell 2021). We can thus relax the assumption of scale invariance, which
the previous literature relies on, and which we demonstrate to be rather implausible. This in
turn allows us to provide a detailed analysis of the changing shape of the tail along the wealth
distribution.

By addressing the limitations of the previous studies, we demonstrate that the type II Pareto
distribution provides a statistically superior fit compared to the type I Pareto, log-normal, or
exponential distributions for the portion of the US wealth distribution above the 915! percentile.
This result emerges especially strongly beyond the 975 percentile. Therefore, we conclude that
the Pareto hypothesis is alive and well. This result does not only have important implications for
the literature discussed above, it also provides support for the Pareto hypothesis with respect to
the distribution of income, since the distribution of capital income closely follows the distribution
of wealth and is an important factor for the top of the income distribution. Furthermore we
show that the shape of the wealth distribution is not stable (scale invariant) as applied by the
type I Pareto distribution. Using inverted Pareto coefficients (Blanchet et al. 2022) to measure
tail thickness, We find that the tail becomes thinner between the 91 and the 98" percentile
and starts to thicken afterwards. This means that the extent of inequality of concentration of

wealth increases at the very top of the distribution, in line with recently documented heavily



skewed rates of return along the wealth distribution Fagereng et al. (2020).
The rest of the paper is organised as follows: section 2 provides an overview over the related
literature. Section 3 outlines our methodology and presents the data we are using. Section 4

presents our results and section 5 concludes.

2 Pareto tails in wealth data: A brief review

Most research testing wealth inequality for the goodness of the Pareto distribution’s fit is based
within the interdisciplinary econophysics literature, most notably publications like Physica A.
Due to a lack of more appropriate data, many of these contributions rely on rich lists compiled
by business journalists whose data sources and underlying methodology are often obscure and
hard to verify. Interestingly, researchers have come to varying conclusions using the same Forbes
400 list as a database but using different methods. Levy & Solomon (1997) were the first to use
Forbes 400 data and conclude that the Pareto distribution appears to be a good fit except for
deviations at rounded levels of wealth. While Klass et al. (2006, 2007) also conclude that the
Pareto distribution fits 1988-2003 data well, Chan et al. (2017) find other distributions, especially
the beta Pareto distribution, to give adequate fits for 1988-2006 data. The same exercise has
been performed for the 100 wealthiest Canadians as compiled by Canadian Business where
Ogwang (2011) finds mixed evidence for 1999-2008 data and Campolieti (2018) cannot find
distinguishable evidence in favour of the Pareto distribution compared to others for 1999-2017
data. A paper using 2002-2004 rich list data for India has indicated consistency with power law
behaviour for the top of the wealth distribution (Sinha 2006). Chinese rich list data (2003-2005)
seem to comply with this behaviour, too (Ning & You-Gui 2007). Similar research exists for
the Forbes World’s Billionaires for which Pareto behaviour, by contrast, has been rejected for
the years 2000-2009 (Ogwang 2013). Brzezinski (2014) only finds that 35 % of the data sets
under investigation are consistent with the Pareto distribution using 1996-2012 global, 1988-2012
American, 2006-2012 Chinese and 2004-2011 Russian rich list data.

These results could be a consequence of the data quality as different magazines can report
wildly different results for the same individuals (Capehart 2014), suggesting that rich lists might
not be the best data source overall. In addition, rich list authors frequently round monetary
estimates of wealth, leading to what is called a heaping effect where several households worth 500
million can be observed, but none worth 476.23 million, e.g. Besides the heaping effect that was
already described by Levy & Solomon (1997), other major issues concern the lists’ completeness,
consistency and selectivity especially at lower ranks, i.e. magazines tend to include families which
they consider of interest to their readers (Bach et al. 2018). This is barely surprising since the
purpose of compiling these rich lists for media outlets is hardly to create the most accurate
listings of wealthy individuals and families, but rather to entertain their readers. Furthermore,
a rich list extension of survey data can be problematic due to different definitions of wealth and
choice of data unit. Regarding the latter, efforts have been made to rectify this issue (Bach
et al. 2018, Ferschli et al. 2018), but the diverging wealth definitions seem irreconcilable to

some extent. Magazines’ wealth definitions can be arbitrary or constraint to publicly available



information. While rich list creators hardly ever have access to liability records, surveys often
refer to net wealth. Although some contributions rely on survey data and supplement rich
list data for the top observations (Eckerstorfer et al. 2016, Ferschli et al. 2018, Dalitz 2018,
Vermeulen 2018, Westermeier 2016), this does not resolve the measurement problems of the
used rich list data.

This brings us to contributions using other types of data. As mentioned, survey data without
stringent oversampling of the wealthy do not adequately represent the top of the distribution,
making them unusable for goodness-of-fit testing of thick tails. Jayadev (2008) is one of the
few studies which uses survey data, in this case for India. He fits a type I Pareto distribution
and finds shape parameter estimates of around 2 and argues in favour of a Pareto tail based on
R? rather than goodness-of-fit tests. There are a few studies using tax data to test the Pareto
hypothesis. Jagielski et al. (2017) find a slope coefficient of & = 1.5 4+ 0.3 for the richest 100
Norwegian individuals for 2010-2013 tax data. Again, the data are not specifically tested for
their goodness of fit despite graphically the log-log plots for both income and wealth suggest a
Pareto tail. The same is true for Dragulescu & Yakovenko (2001) who use the Inland Revenue’s
reconstructed wealth data and find a power law behaviour for wealth over £ 100,000 for the
United Kingdom. This database is rather specific to the UK and similar data are unfortunately
not available for most other countries.

Even though less common, some authors have also fitted Pareto type II models. Jenkins
(2016) uses both types of Pareto distributions on UK income tax data and finds that ultimately
the type II distribution provides a better goodness of fit (using a likelihood ratio test and
probability plots). In a similar vein, Charpentier & Flachaire (2022) argue that the type I
distribution is more sensitive to the choice of the cutoff compared to the type II distribution
and Beirlant et al.’s (2009) Extended Pareto Distribution. In an application to 2013 US wealth
data, they report a better fit of the latter two distributions relative to type I Pareto, based on
graphical inspection.

Overall, the existing literature is heavily dominated by contributions using rich list data and
a type I Pareto distribution, especially when goodness of fit is tested. Arguably, however, some
of the methods used to test the goodness of fit are questionable, especially the rather popular
Zipf plots (Cirillo 2013). The fact that studies which either use high quality (income) tax data
(Jenkins 2016) or fit a type II Pareto distribution (Jenkins 2016, Charpentier & Flachaire 2022),
tend to assume or support the Pareto hypothesis is already an indication that rich list-based

rejections of the PH might be driven by the shortcomings of the underlying data.

3 Methodology and data

Our aim is to test the Pareto hypothesis by comparing the fit of the type I and type II Pareto
distribution to thin-tailed distributions such as the exponential and log normal. To that end,
we fit these four distributions to US wealth data at increasing percentile cut-offs. This section

discusses the details of our approach.



3.1 Parametric wealth distributions

We examine four distributions: The log-normal distribution, the exponential distribution, the
Pareto type I distribution, as traditionally used in the Pareto literature, and the Pareto type
II distribution. We use the three-parameter version of the log-normal distribution, including a
location parameter, which makes it more directly comparable to the Pareto type II distribution
which also features three parameters. The probability density function of the former is defined

as:

(1)

1 1 r—p\2
LogN : f(x|s,B,u) = ——————=—ex —ln( >
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where s is the shape, p the location and 8 the scale parameter. The support of the density

function is « > u. For the exponential distribution we use a two-parameter version also including

a location parameter such that the density function is defined as:

Exp: f(z]p, A) = Ae e (2)

where p is the location and A is the scale parameter and the support of the density is = > pu.
We fit both the log normal and the exponential distribution by quasi Maximum Likelihood where

we use the complex survey weights (w;) to expand the likelihood function for each observation.

max L(0]z;, w;) = | RICED (3)
=1

where 0 is the parameter vector and f() the density function of either the log-normal or
the exponential distribution. Since we are fitting all distributions to several different percentile
cutoffs, the location parameter is set equal to the percentile threshold. For the type I Pareto
distribution we use the following parametrisation:

ac®

PI: f(z|la,0) = s (4)

where « is the shape and o the scale parameter with support x > ¢. The scale parameter is

equal to the percentile cutoff and the shape parameter is obtained by means of a log-rank-log-
wealth regression while taking into account the SCF’s exclusion of the richest 400 households
on the Forbes list (Wildauer & Kapeller 2022) and we also incorporate Gabaix & Ibragimov’s
(2011) bias correction as described in Wildauer & Kapeller (2021). Using ordinary least squares
is justified since it is less biased and more robust against deviations from a Pareto tail due to
poor data quality than its Maximum Likelihood equivalent (Feuerverger & Hall 1999). It is
important to note that the type I distribution can be approximated by an exponential distribu-
tion, especially for very large shape parameter values. The two distributions are identical as «
approaches infinity (Weinberg 2016).

For the Pareto type II distribution, we use the following parametrisation:

«a T — —a—1
PII: f(z|o, py0) = p [1—}— . ,u}



where « is the shape, o the scale and p the location parameter with support > p. Using
the type II Pareto distribution in this parametrisation is equivalent to using a generalised Pareto
distribution with a strictly positive shape parameter. Negative shape parameters would imply
a wealth cap or maximum possible wealth which is not plausible for the wealth distribution.
Our approach to fitting the shape and scale parameter of the type II distribution is discussed in
detail in section 3.3.

The crucial difference between the type I and type II Pareto distributions is that the former
inherently assumes scale invariance. This means that the wealth concentration within in the
tail remains constant throughout the tail. Blanchet et al. (2022) introduce the concept of the
inverted Pareto coefficient (b(p)) which provides a direct measure of tail thickness which can be

used to compare type I and type II distributions. They define the inverted Pareto coefficient as:

b(p) = E[X[X > Q(p)]/Q(p) (6)

where 0 < p < 1 represents the percentile rank, e.g. p = 0.95 would be the 95" percentile. In
other words, the Pareto coefficient is the average wealth above a particular threshold (wealth
at percentile p), expressed as a multiple of said threshold. For the type I distribution, b(p) is
constant and equal to b(p) = «/(a — 1). Therefore, a constant inverted Pareto coefficient is
another way of expressing the scale invariance of a type I distribution. If wealth follows a type 1
Pareto distribution, average wealth above a chosen threshold is equal to a fixed multiple of that
threshold, independent of the threshold itself (i.e. scale invariant). Put differently, the shape of
the tail of a type I Pareto distribution does not change. In contrast, Blanchet et al. (2022) show
that if wealth can be described by a type II Pareto distribution, the inverted Pareto coefficient

will vary along the distribution according to:
o

(@ = Do+ (1 =p)V/*(u—0)]

Two possibilities arise, if u > o, b(p) increases as p — 1 which means the tail thickness and wealth

b(p) =1+

(7)

concentration increases towards the top. In contrast, if u < o, b(p) decreases as p — 1 and the
tail becomes thinner towards the top of the distribution. We will use inverted Pareto coefficients
as a direct and easy-to-interpret measure of the tail’s thickness. We can use it to compare tail
thickness between type I and type II distributions and to assess whether the estimated type II
distributions exhibit patterns of increasing or decreasing concentration along the distribution.
Finally, it is worth emphasizing that Blanchet et al.’s (2022) objective is different from what
we set out to do in this paper. They develop what they call Generalised Pareto curves as a
tool to reconstruct and fully describe the entire (income) distribution from a small number of
tabulated (income) tax data observations. Our goal is to test the Pareto hypothesis whereas
Blanchet et al. (2022) rely on it as the basis for their extrapolation beyond the last bracket.
Chu et al. (2019) reviews and compares dozens of goodness-of-fit tests for Pareto distributions
and concludes that the Kolmogorov-Smirnov (KS) family of tests (Clauset et al. 2009, Capehart
2014, e.g.,) exhibit the highest power. We therefore use one of them, the Cramér—von Mises
(CvM) test, to compare the data against the four distributions of interest (Pareto type I and
type 11, exponential and log normal). The crucial difference between CvM and KS is that the



test statistic of the former is based on the difference between the empirical and theoretical
CDF along the entire sample rather than just at a single data point which exhibits the most
extreme difference. Since the SCF does not publish the details of their sampling procedure, we
cannot follow Clauset et al. (2009) in order to obtain valid p- or critical values under the null
hypotheses. Therefore, we simply calculate the CvM test statistic for each estimated distribution
and compare them in a pair-wise manner. This means we are assessing the relative goodness
of fit of one distribution compared to another. We take the SCF’s complex survey weights into
account and obtain the CvM test statistic as discussed in Wildauer & Kapeller (2021) as:

l U+ % Z {(C’DF Ui)3 ~ (CDP(2) - U,-H)g

1

+3l- Unf’] 5)
where z(;) is the ith largest value of the sample which consists of n observations. The

corresponding complex survey weights are w(; for each observation. Furthermore, U; is the

CDF under the null evaluated at x(;, N = ;" ; w; is the sum total of the complex survey

weights and the empirical CDF is defined as

CDF(())—l—% (9)

3.2 Data

We use the public version of the triennial Survey of Consumer Finances (SCF), starting with the
1989 wave. The SCF, due to its unique characteristics, allows us to carry out a more powerful
test of the Pareto hypothesis compared to earlier studies. Firstly, by heavily oversampling
wealthy households using income tax information (Bhutta et al. 2020, Kennickell 2008), the
SCF provides a highly accurate picture of the US wealth distribution up to the very top. Since
the US does not administer a general net wealth tax, wealth estimates based on income tax
capitalisation or estate tax data are the only tax-based sources on the US wealth distribution.
The SCF uses the former in its sample design and thus provides a data set of similar quality
compared to tax-based estimates. Secondly, in comparison to rich list or lower quality survey
data, the SCF’s coverage of the wealth distribution is unmatched. In this paper, we test for
Pareto tails beyond the 91°¢ percentile which starts between $0.7 (1992) and $1.4 million (2019).
The most affluent observations in the data set range from $310 million (1989) to $1.9 billion
(2019), all values in 2019 Dollars. This means the SCF’s wealth data spans more than three
orders of magnitude and covers the entire US population compared to one order of magnitude
and merely 0.003% of the population covered by the Forbes 400 list.

A key limitation of this data set is that billionaires featured in the Forbes 400 are excluded
from the public sample due to privacy concerns. This exclusion of the top tail of the wealth
distribution from publicly available data more generally is one of the reasons why researchers
interested in the Pareto hypothesis explore and consider the Forbes 400 list despite its much
narrower scope. However, this problem can be dealt with simply and effectively by correcting the

ranks (cumulative weights) of the survey (Wildauer & Kapeller 2022). Using this rank correction



approach allows us to exploit the much richer information embedded in the SCF while being
able to conduct unbiased tests of the Pareto hypothesis.

Hanna et al. (2018) provides an excellent overview over the details of the SCF in addition
to the official documentation. We use all five implicates of the data; final results are averages
taken at the last step of the analysis. As the publicly available version of the SCF does not
include the details of the sampling structure, we use the set of 1000 replicate weights to assess

the sampling based variation in our results, as reported in section 4.3.

3.3 Castillo-Hadi estimator

In the literature, the Pareto type II distribution has been avoided in wealth inequality (as well
as other) research because it can be tricky to estimate: while Maximum Likelihood estimators
for & < 1 do not exist, they do for 1 < o < 2, but estimates may be problematic (Castillo &
Hadi 1997). To address this, we are employing an elemental percentile method (EPM) estimator
following Castillo & Hadi (1997). The survival function for the type II Pareto distribution is
given by:

SF(zslc, 0, 1) = (1 4o ")_a (10)

o
and can be compared to an empirical estimate of the survival function which we define based
on Gabaix & Ibragimov’s (2011) bias corrected version for complex survey weights (Wildauer &
Kapeller 2021) as:

s Wy —0.571)@'
SF(z:)p = Frsse ];) (11)

where N = >~ | w; is the sum total of the complex survey weights, based on a data vector in
descending order (reversed order statistics). Using the shorthand notation In (SF(z;)g) = C;
we can pick a pair of two data points (x;,x;) and by equating the empirical and theoretical

survival function obtain a system of two equations in two variables (a, o):

o= (1— ”’i_“) (12)
«

g

1 P
——Cj=hn (1 - LU “) (13)

where i = x,, (the smallest observation in the sample of the tail) and we can readily eliminate

In (1 - %) B In (1 - %) 14)

o to obtain:

C; B Ci
Castillo & Hadi (1997) show that for this equation a solution exists over the interval (og,0) if

T < C; and over the interval (z;, 09) if z; > ; where o9 = T Xi—CX, - The solution can

be found numerically by means of bisection. The resulting estimate & can be used to obtain

the second parameter estimate & = C;/In (1 — %) This algorithm is then applied to all

pairs (z;,z;) in the dataset which yields w
n(n—1)

median values across all ==— pairs (&, 7).

The CH estimator for fitting the type II distribution is computationally demanding. For

estimates of (&, &). The final estimates are the

example our largest sample consists of n = 1532 observations (91%¢ percentile in wave 2019) and



@ = 1.17-10° nonlinear systems of equations for this

thus the CH estimator requires solving
single percentile-year cell. Repeating this exercise for 1000 replicate weights and for 176 year-
percentile cells yields 350 billion equations. Therefore, we relied on parallel computing (python’s
joblib package) and even more importantly on just-in-time (JIT) compilation (python’s numba

package).

4 Results

We start with the analysis of the SCF dataset using the full set of standard weights. We
then analyse the shape of the estimated distributions via inverted Pareto coefficients. The
last subsection provides a measure of statistical significance based on 999 subsets of replicate
weights. See Kennickell & Woodburn (1999), Hanna et al. (2018) for details on the use of the
SCF’s replicate weights.

4.1 Modelling the US wealth distribution

As we are comparing distributions in a pair-wise manner, our results are organised accordingly.
Table 1 presents the differences of the CvM test statistics of four distribution pairs. The figure in
the top left compares the exponential distribution with the type II Pareto distribution. Positive
values in shades of green indicate that the CvM test statistic for the fitted type II Pareto
distribution is smaller and thus exhibits a better fit than the CvM test statistic based on the
exponential distribution. The heat map shows that the type II Pareto, provides a superior fit for
all except one cutoff-year cell. This cell belongs to the 99.99'" percentile. We will show in section
4.3 that this outlier is not statistically significant. Overall, these results put the rich list based
findings of Brzezinski (2014), who reports good fits for the (stretched) exponential distribution
for some rich list data, into perspective. It is worth emphasizing that the 400 families on the
Forbes list only represent the top 0.0003% of US households and thus less than a tenth of our
highest cutoff. Our results demonstrate that any rejection of the Pareto hypothesis based on
rich list data does not apply to the tail of the wealth distribution in general.

The heat map in the top right of Table 1 compares the type I against the type II Pareto
distribution. Positive values in shades of green indicate a smaller CvM test statistic and thus
better fit for the latter. In this pairing, the type II distribution exhibits a consistently superior fit
to the type I distribution. This finding is expected as the type II distribution includes the type I
distribution as a special case but provides more flexibility due to its additional parameter. Apart
from differences in the estimation procedure, the type II distribution is always able to provide
a fit at least as good as type 1. Therefore, if the additional parameter of the type II distribution
added no additional value in terms of a better fit, we would expect both distributions to yield
similar fits. The fact that type II consistently outperforms its type I cousin implies that there
is value in the additional parameter or, put differently, relaxing the scale invariance assumption
of the type I distribution, provides a better fit. This result indicates that rejecting the Pareto
hypothesis based on a type I distribution might in fact be a rejection of scale invariance rather

than the Pareto hypothesis in general.
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Table 1: Point estimates
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The heat maps present the difference in CvM test statistics for a distribution pair. In anti-clockwise order starting in the top right they show
the CvM test statistics of the type I Pareto, exponential and log-normal distribution minus the Pareto type II test statistic. Positive numbers
in green shades indicate a better fit of the type II Pareto. The heat map in the bottom right shows the CvM test statistic of the log-normal
distribution minus the test statistic of the type I Pareto distribution. Positive numbers in green shades indicate a better fit of the type I

Pareto distribution.

The bottom two heat maps in Table 1 compare the log-normal distribution to the type I and
type II Pareto distributions. Positive numbers in shades of green indicate a smaller CvM test
statistic for the respective Pareto distribution and thus a better fit compared to the log-normal
distribution. The heat map in the bottom left reports the fit of the type II Pareto relative to
the log-normal distribution. The former provides a consistently better fit, especially for the
96" percentile cutoff and above. As will be discussed in section 4.3, there are some statistically
insignificant cells such as the 99.9*" percentile in 2004, the 97*" percentile in 1995 or the 99.93"
percentile in 2016, but overall the type II distribution outperforms the log-normal. Even below
the 96" percentile, the type II distribution fits well in most years with the notable exceptions
of 2001, 2004 and 2016. We interpret these results as strong support in favour of a Pareto tail
in the US wealth distribution. Our results strongly support the Pareto hypothesis for the 96"
percentile and above and for many waves of the SCF, even for the 915 percentile and above.

This means that the Pareto tail stretches significantly beyond the richest 400 families on the
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Forbes list.

The bottom right of Table 1 shows that the type I distribution is consistently outperformed
by the log-normal below the 99" percentile. This means that the tail implied by type I distri-
butions fitted at low thresholds is too extreme or thick for our data. In contrast, the log-normal
distribution struggles to adequately describe the tail beyond the top 1% wealthiest households
in the United States. Here, the type I Pareto distribution performs better but is still rejected
in favour of the log-normal in several cases. While the type I distribution only provides a shaky
fit, it cannot be interpreted as a rejection of the Pareto hypothesis in general. The consistently
superior fit of the more flexible type II distribution simply suggests that while the US wealth

distribution exhibits a Pareto tail, it is not scale invariant as implied by the type I distribution.

4.2 Scale invariance and the shape of the US wealth distribution

The previous section established the superior fit of the type II distribution to US wealth data.
While measuring the overall model fit provides important lessons for situations where available
survey data does not oversample wealthy households (as is the case for many countries in the
ECB’s Household Finance and Consumption Survey), in the current context we can go beyond
broad measures of goodness of fit. The inverted Pareto coefficient allows us to better understand
why type II provides a better fit to the data than the type I distribution. Table 2 contains the
difference between the inverted Pareto coefficients implied by type II and type I. The pattern
which emerges is that up to the 99" percentile, the fitted type II distribution yields a lower
inverted Pareto coefficient and thus a thinner tail compared to the type I Pareto. This demon-
strates that fitting type I distributions to wealth data starting at low thresholds, yields tails
which are too extreme. This finding is consistent with the results reported by Charpentier &
Flachaire (2022). The picture changes within the top 1% where the type II distribution yields
thicker tails in many occasions. Overall, the additional flexibility of the type II distribution is

needed for modelling wealth from low cutoffs (i.e. below the 99

percentile).

Furthermore, the crucial feature of the type II distribution is that it allows for a changing
pattern of concentration along the distribution. As discussed in the methodology section if
1 > o, the thickness of the tail as measured by the inverted Pareto coefficient, increases along
the distribution as p — 1 and it decreases if 4 < o. Figure 1 shows the inverted Pareto coeflicients
implied by the estimated parameters of the type II Pareto distribution. They decline from the
915 percentile up to the 98" percentile after which they start to increase. This means that
around the 98" percentile, the wealth distribution exhibits a structural change and the tail
thickness starts to increase. This u-shaped pattern is in line with the pattern of inverted Pareto
coefficients found for the distribution of income in France and the United States (Blanchet
et al. 2022); however, the turning point occurs much later and the value of the inverted Pareto
coefficients are much higher in the case of wealth which indicates a thicker tail as is commonly

assumed in the literature.
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Table 2: Difference between type II and type I inverted P coefficients

year 1989 1992 1995 1998 2001 2004 2007 2010 2013 2016 2019

cut

91.000 -0.00 -0.04 052 030 019 030 -0.14 -0.16 -0.07 -0.05 -0.27
92.000 -0.07 -0.15 142 007 0.11 020 -024 -0.15 -0.15 -0.33 -0.30
93.000 0.03 -0.12 143 -0.01 0.10 0.11 -0.39 -0.10 -0.18 -0.35 -0.36
94.000 -0.12 -0.17 153 -0.11 -0.05 -0.05 -0.31 -0.04 -0.25 -0.14 -0.42
95.000 -0.20 -0.08 2.08 -0.15> -0.12 -0.11 -0.21 -0.11 -0.25 -0.16 -0.41
96.000 -0.04 -0.25 098 -0.17 -0.25 -0.14 -0.24 -0.18 -0.25 -0.36 -0.43
97.000 -0.06 -0.12 1.11 -041 -0.35 -0.26 -0.21 -0.31 -0.25 -0.47 -0.22
98.000 -0.27 -0.01 032 -042 -0.18 -0.29 -0.22 0.05 -0.26 -0.30 -0.07
98.500 -0.32 -0.17 -0.0v -0.20 -0.22 -0.12 0.03 0.00 -0.04 -0.07 -0.19
99.000 -0.05 0.11 -0.12 0.00 0.04 0.03 0.51 -0.05 0.20 0.23 0.03
99.100 -0.24 0.16 -0.23 0.01 -0.04 020 0.68 -0.07 0.12 -0.01 0.10
99.300 -0.50 0.09 -0.20 0.02 -0.06 0.25 047 0.08 0.37 -0.06 -0.14
99.600 -0.27 0.46 -0.14 025 019 029 086 0.31 092 034 0.05
99.900 NA 056 034 054 073 079 035 1.04 0.57 891 0.32
99.930 211 058 089 -0.22 3.70 -0.13 0.17 0.95 0.35 0.41 -0.10
99.960 -8.47 9.21 088 042 0.03 -0.33 0.15 -0.28 049 -0.54 1.15
99.990 -7.67 -0.02 -049 -3.98 1.12 154 257 0.45 -55.07 8.62 0.89

For each cell the inverted Pareto coefficient was calculated based on the estimated distribution parameters. For the type I distribution based

on b; = and bz for the type II distribution based on equation 7. The cells in the table contain the difference: by — by.

&
a—1

4.3 Statistical significance

The confidentiality of the SCF’s sampling process requires us to use the provided sets of replicate
weights to incorporate the random variation of our estimates in our analysis. We therefore
repeated the goodness-of-fit tests discussed in the previous subsection for all 999 sets of replicate
weights, resulting in 999 fitted parameters and CvM test statistics for each distribution and each
percentile-year cell. This allows us to asses whether the results reported in the previous section
are statistically significant in the sense that they hold up once the random variation in the data
collection process is taken into account.

Table 3 summarises the results for all four distribution pairs. The heat map in the upper
left shows that for most percentile-year cells the type II distribution provides a better fit than
the exponential distribution for more than 90% of the 999 replicate weight sets. There are

9*h percentile: one for the 2001 wave and one for the 2010

9th

two noteworthy outliers at the 99.9
wave, with rates of 50% and 68% respectively. Below the 99.9*" percentile, the type II Pareto
distribution provided a better fit for at least 995 out of 999 replicate weight sets in all percentile-
year cells. The upper left heat map in Table 3 shows that the type II distribution consistently

outperforms the type I distribution. In the 99.6™" percentile for the 2016 wave, the type II
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Figure 1: Inverted Pareto coefficient plot - type II distribution
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distribution outperforms its less flexible cousin in 69% of the used replicate weight sets which is
by far the lowest percentage for all cutoff-year cells comparing type I and type II distributions.
This strongly supports the conclusion that adding another parameter and relaxing the scale
invariance assumption of the type I distribution allows for a better fit to the data.

The bottom two heat maps of Table 3 compare the log-normal distribution to the Pareto
distributions. The type II distribution outperforms the log-normal in all but two of the 120
cells beyond the 97*" percentile. The two outliers are the 99.9'" in the 2016 and 2004 waves.
In the context of the overall results, we do not interpret these two cells as evidence against
the type II distribution but as a false positive. The comparison between the type I and log-
normal distribution in the bottom right of Table 3 provides a more refined picture than the
point estimates from the previous section. In 77 out of the 90 percentile-year cells beyond the
99th percentile the type I distribution still provides a better fit than the log-normal distribution,
more often than not. While clearly much worse than the fit of the type II distribution, the type
I distribution nevertheless provides a decent fit for the top 1% of the US wealth distribution.

Overall, the 999 sets of replicate weights, support our main findings: First, we find strong
support for the Pareto hypothesis in the context of the US wealth distribution. In particular,
we find a superior fit of the type II Pareto distribution compared to the shifted log-normal
for the 97" percentile and beyond and a better fit in many but not all years beyond the 91
percentile. Second, the type I Pareto provides an inferior fit compared to the type II distribution
for all percentile-year cells. This demonstrates that the scale invariance property of the type I
distribution might be too strong a simplifying assumption which might be a driving force behind

an alleged better fit of the log-normal distribution especially below the 99" percentile.
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Table 3: Replicate weight results
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Using the SCF’s 999 sets of replicate weights, each distribution is fitted 999 times to the data in each percentile-year cell. Each cell reports
the proportion of cases in which the type II Pareto distribution yields a smaller CvM test statistic and thus a better fit than the distribution
it was compared to. For the heat map in the bottom right, the proportion of cases in which the type I Pareto distribution yields a better fit.
Shades of blue indicate shares in excess of 50%.

5 Conclusion

This paper illustrates that, indeed, Pareto was right, and the wealth distribution in the United
States exhibits a thick tail. By using Cramér-von-Mises goodness-of-fit tests, we compare the
type II Pareto distribution to the more traditionally used type I distribution, the log-normal and
exponential distributions in a pairwise manner. The type II distribution provides by far the best
fit to the data beyond the 915 percentile of the US wealth distribution and especially so above
the 97" percentile. Compared to previous rich list based studies we are using more data of
better quality to test the Pareto hypothesis: The SCF covers the entire population rather than
the most affluent 0.0003% and wealth in our largest sample spans three orders of magnitude
rather than one like the Forbes 400 list. In addition, by fitting a type II Pareto distribution,
we relax the scale invariance assumption of many previous studies and we effectively correct for

the SCF’s exclusion of the richest 400 US households from its sample design by using Wildauer
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& Kapeller’s (2022) rank correction approach. Altogether, this allows us to conduct a more
powerful test of the Pareto hypothesis compared to the existing literature.

Beyond our primary result, the superior fit of the type II Pareto distribution to US wealth
data, we also find that the log-normal provides a better fit than the type I Pareto distribution
except for the top 1% of the population. We show that the shape of the wealth distribution
changes along percentile cutoffs and the scale invariance assumption of the type I distribution
fails to capture this. This suggests that earlier rejections of the Pareto hypothesis based on
the fit of type I distributions should be interpreted as a rejection of scale invariance rather
than the Pareto hypothesis itself. Many of these rejections in the literatue are also based on
rich lists, so their rejections of the PH should be contextualised considering the data quality,
breadth of coverage and rigidity of assumptions. In addition, our results also suggest that the
tail thickness of the US wealth distribution declines between the 915 and the 98" percentile
beyond which it increases. This increasing concentration towards the top is consistent with
findings of highly skewed rates of return on wealth Fagereng et al. (2020) and theoretical models
of wealth accumulation in which higher returns at the top are a result of sophistication, riskier
investment, power or all of these Benhabib & Bisin (2018). Our findings can also motivate a
simple test for theoretical models of wealth accumulation: Is the model able to produce a thick
tail? Finally, while we did not test it directly, our findings support the Pareto hypothesis in the
context of the distribution of income. This follows from the fact that the distribution of capital
income closely follows the distribution of wealth and since capital income is concentrated at the
top of the distribution of income. Further research will be needed in that regard.

We think these results are important in two ways. First, they provide support for those
applications where researchers assume a Pareto tail, right from the outset®. Secondly, they
provide important lessons for modelling wealth distributions in situations where only limited
data or data with potential quality issues such as differential non-response are available. This
means relying on Generalised Pareto interpolation is not feasible, as is the case for most countries
in the ECB’s Household Finance and Consumption Survey for example. Fitting a Pareto tail
in such situations allows researchers to reduce the bias of raw survey data Eckerstorfer et al.
(2016), Vermeulen (2018), Wildauer & Kapeller (2022). The results reported here can inform
such endeavours in two ways. First, the importance of scale variance means researchers should
be cautious to fit type I Pareto distributions below the 98" or 99" percentile. Second, relaxing
the scale invariance assumption by introducing an additional parameter comes at a cost in the
form of more data hungry estimators. The asymptotic equivalence of type I and type II Pareto
distributions might justify using the former, especially beyond high thresholds and in situations
where sample sizes are small. Both suggestions are in line with Hlasny’s (2021) discussion of
modelling the tail of the income distribution but more research is needed about the relative
performance of different estimators of the type II distribution such as Maximum Likelihood,
elemental percentile Castillo & Hadi (1997) or OLS-based approaches as in (Langousis et al.

(2016), Disslbacher et al. (2020).

3See extensive references in the introduction
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A Scale (in)variance

APPENDIX

Table Al: Inverted Pareto coefficients raw data

2019 2016 2013 2010 2007 2004 2001 1998 1995 1992 1989
cut
91.000 4.57 437 4.17 3.73 431 3.63 3.63 3.88 3.74 348 3.36
92.000 4.40 436 4.09 359 429 363 3.63 390 359 347 3.31
93.000 4.25 4.16 3.93 340 436 3.63 3.55 3.83 3.60 3.34 3.17
94.000 4.06 3.85 3.78 3.25 392 366 356 3.76 3.56 324 3.14
95.000 3.74 3.77 3.54 323 354 358 344 3.60 349 3.05 3.09
96.000 3.45 3.77 3.33 3.15 331 340 342 353 352 3.06 2.89
97.000 298 3.51 3.06 3.01 3.02 336 3.18 352 340 279 2.78
98.000 2.74 2.95 282 259 267 295 265 3.07 345 264 273
98.500 2.69 2.66 2.55 2.55 242 260 248 269 330 263 2.61
99.000 249 2,55 238 246 223 234 217 250 3.04 241 244
99.100 247 2.62 241 245 220 226 2.19 248 3.01 238 248
99.300 2,50 2.58 232 234 228 223 216 244 279 239 247
99.600 2.38 2.41 221 226 226 221 203 228 240 227 2.20
99.900 2.38 234 226 221 222 211 203 225 200 224 1.95
99.930 239 2.61 225 224 219 233 197 230 191 222 210
99.960 220 255 2.11 231 206 208 211 211 195 205 2.08
99.990 222 190 185 2.04 1.70 1.68 164 1.69 1.77 214 2.42
99.995 222 1.75 191 149 164 158 145 193 182 195 1.48
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Table A2: Forward difference in inverted Pareto coeflicients raw data

2019 2016 2013 2010 2007 2004 2001 1998 1995 1992 1989

cut

91.000 -0.17 -0.01 -0.08 -0.14 -0.01 0.00 -0.00 0.02 -0.14 -0.01 -0.05
92.000 -0.15 -0.20 -0.17 -0.19 0.07r -0.01 -0.08 -0.06 0.01 -0.13 -0.14
93.000 -0.20 -0.31 -0.14 -0.15 -0.44 0.04 0.01 -0.08 -0.04 -0.09 -0.03
94.000 -0.32 -0.08 -0.24 -0.02 -0.38 -0.08 -0.12 -0.15 -0.07 -0.20 -0.05
95.000 -0.29 -0.00 -0.21 -0.08 -0.22 -0.18 -0.02 -0.08 0.04 0.01 -0.20
96.000 -0.46 -0.25 -0.27 -0.14 -0.30 -0.04 -0.25 -0.00 -0.12 -0.28 -0.11
97.000 -0.24 -0.56 -0.24 -043 -0.34 -041 -0.53 -0.45 0.05 -0.15 -0.05
98.000 -0.06 -0.29 -0.28 -0.04 -0.25 -0.35 -0.17 -0.38 -0.15 -0.01 -0.12
98.500 -0.20 -0.11 -0.17 -0.09 -0.19 -0.26 -0.31 -0.19 -0.26 -0.22 -0.17
99.000 -0.02 0.07r 0.03 -0.01 -0.03 -0.08 0.01 -0.02 -0.03 -0.03 0.04
99.100 0.03 -0.04 -0.09 -0.12 0.08 -0.03 -0.03 -0.04 -0.22 0.01 -0.01
99.300 -0.13 -0.17 -0.11 -0.07 -0.03 -0.02 -0.12 -0.16 -0.40 -0.12 -0.27
99.600 0.01 -0.06 0.05 -0.06 -0.04 -0.09 -0.01 -0.02 -0.40 -0.03 -0.24
99.900 0.01 0.26 -0.01 0.03 -0.03 022 -006 0.04 -0.09 -0.02 0.14
99.930 -0.19 -0.06 -0.14 0.07 -0.13 -0.25 0.14 -0.18 0.04 -0.17 -0.02
99.960 0.02 -0.64 -0.26 -0.27 -0.35 -0.40 -047 -0.43 -0.18 0.09 0.34
99.990 -0.00 -0.15 0.06 -0.54 -0.06 -0.10 -0.19 0.25 0.05 -0.19 -0.93

Row 91 shows invP[92]-invP[91] and thus positive values represent increasing inverted Pareto

coefficient
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Table A3: Consistency raw data vs estimates

1995 1992 1989

1998

2019 2016 2013 2010 2007 2004 2001

1
1
1
1
1
1
1
1
1
1
0
1
0
0
1
1
1

91.000
92.000
93.000
94.000
95.000
96.000
97.000
98.000
98.500
99.000
99.100
99.300
99.600
99.900
99.930
99.960
99.990
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Figure Al: Scale dependence test: p — o
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Table A4

: Inverted Pareto coefficient based on type I estimates

year 1989 1992 1995 1998 2001 2004 2007 2010 2013 2016 2019
cut

91.000 2.87 2.74 3.15 3.13 273 284 297 281 3.02 340 3.17
92.000 2.81 270 3.11 3.08 269 280 290 275 294 332 3.08
93.000 2.77 2.66 3.07 3.02 265 275 283 269 286 3.22 298
94.000 2.72 2.61 3.01 296 259 269 271 264 278 3.12 2.86
95.000 2.67 2.57 296 288 251 262 261 258 269 3.03 275
96.000 2.62 2.53 2.88 280 243 254 252 252 259 294 263
97.000 2.57 246 2.78 2.69 231 243 242 244 248 2.76 2.52
98.000 250 241 2.66 251 215 228 231 235 237 261 244
98.500 2.45 237 254 241 209 221 227 231 231 255 239
99.000 2.39 233 237 235 203 215 224 226 2.29 253 2.34
99.100 2.39 232 233 234 203 214 224 225 228 2.53 2.33
99.300 2.35 231 2.23 232 201 213 224 223 227 250 230
99.600 2.32 2.28 2.07 226 198 209 221 220 223 247 226
99.900 2.77 221 1.89 220 193 197 201 213 211 255 220
99.930 3.04 218 187 216 189 193 1.95 2.09 206 252 213
99.960 3.70 2.17 1.84 2.07 183 1.75 1.83 2.00 196 229 205
99.990 6.60 193 165 194 154 157 160 1.75 1.78 2.00 1.77
99.995 342 1.68 1.56 194 149 148 1.47 147 1.66 190 1.46
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Table A5: Inverted Pareto coefficient based on type II estimates

year 1989 1992 1995 1998 2001 2004 2007 2010 2013 2016 2019
cut

91.000 2.86 270 3.67 343 292 3.14 283 2.65 295 335 290
92.000 2.75 255 4.53 3.15 280 3.00 2.66 2.60 2.79 299 2.77
93.000 2.80 253 4.50 3.01 275 286 244 2.59 2.69 287 261
94.000 2.60 245 4.54 2.85 254 264 240 2.60 2.53 298 244
95.000 247 249 5.04 2.73 239 250 241 248 244 287 233
96.000 2.58 228 3.87 2.63 2.18 239 2.28 2.34 2.34 258 2.19
97.000 2.51 2.34 3.89 2.28 195 217 221 2.13 223 229 230
98.000 2.23 239 298 2.09 197 200 2.09 2.40 2.11 2.31  2.37
98.500 2.13 220 247 2.21 1.87 209 230 2.32 2.27 249 220
99.000 234 244 225 236 2.07 218 275 2.21 249 276 237
99.100 2.14 248 210 235 199 235 292 2.18 2.40 252 243
99.300 1.85 2.39 2.03 233 196 238 2.71 2.30 264 245 2.16
99.600 206 274 1.93 2.52 217 238 3.06 2.51 3.15 2.80 2.31
99.900 -5446.28  2.76 2.22 2.74 2.67 276 235 3.17 2.68 11.46 2.52
99.930 5.15 2.76  2.76 194 559 180 213 3.04 2.41 2.93 2.03
99.960 -4.77 11.39 2.72 249 186 142 198 1.72 2.45 1.75  3.20
99.990 -1.07 191 1.16 -2.04 266 3.12 4.17 2.20 -53.30 10.62 2.66
99.995 -0.07 293 212 -26.24 3.81 -4.70 1.28 3.24 4.07 -6.37 1.01
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B Averaged across all implicates

Table A6: Observations beyond cutoff

year 1989 1992 1995 1998 2001 2004 2007 2010 2013 2016 2019
91.000 923 1284 1412 1335 1363 1372 1457 1389 1442 1481 1532
92.000 878 1243 1356 1292 1323 1326 1406 1318 1371 1421 1470
93.000 835 1191 1301 1241 1276 1281 1358 1247 1301 1343 1399
94.000 793 1139 1233 1189 1217 1224 1277 1181 1226 1259 1319
95.000 749 1081 1168 1119 1144 1158 1192 1115 1141 1180 1229
96.000 698 1014 1093 1043 1073 1090 1105 1043 1044 1103 1122
97.000 636 919 1001 961 970 1009 998 951 934 982 1006
98.000 556 810 901 815 825 880 869 816 803 847 868
98.500 499 v42 815 717 749 802 781 738 727 767 794
99.000 413 649 689 626 657 712 683 649 649 679 698
99.100 400 629 662 606 641 688 658 629 635 662 672
99.300 365 589 589 555 595 646 629 584 592 617 620
99.600 289 502 459 457 503 547 543 496 504 522 526
99.900 168 315 252 284 324 353 348 310 318 325 329
99.930 146 2v3 224 251 274 322 305 273 270 297 281
99.960 113 211 189 185 231 244 225 228 208 224 206
99.990 51 100 91 79 8 110 100 98 94 91 86
99.995 18 59 62 o8 56 71 64 95 63 54 53
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Table A7: Percentile cutoff values in million USD

year 1989 1992 1995 1998 2001 2004 2007 2010 2013 2016 2019

cut

91.000 0.8 0.7 0.7 0.9 1.2 1.3 1.2 1.3 1.1 1.4 14
92.000 0.9 0.8 0.8 0.9 1.3 1.4 14 14 1.3 1.5 1.5
93.000 1.0 0.9 0.9 1.0 1.5 1.5 1.5 1.7 1.5 1.8 1.8
94.000 1.2 1.0 1.0 1.2 1.6 1.7 1.9 1.9 1.7 2.2 2.1
95.000 1.3 1.2 1.1 1.4 1.9 2.0 2.3 2.2 2.1 2.5 2.6
96.000 1.6 1.4 1.3 1.7 2.3 24 2.9 2.6 2.6 3.0 3.3
97.000 2.0 1.8 1.7 21 3.0 3.0 3.9 3.3 3.4 4.0 4.7
98.000 2.7 2.5 2.2 3.2 4.7 4.5 5.8 5.0 4.8 6.2 6.6
98.500 3.4 3.0 2.8 4.4 5.9 6.1 7.6 6.1 6.4 8.3 8.0
99.000 4.6 4.2 4.1 6.1 8.5 8.6 10.3 8.1 8.7 111 11.1
99.100 4.8 4.5 4.4 6.5 8.9 9.5 11.1 8.7 9.1 115 12.0
99.300 5.7 5.2 5.6 76 104 11.1 123 105 109 136 138
99.600 8.7 7.5 9.2 114 148 152 171 148 159 204 20.0
99.900 194 16.7 234 247 295 335 384 324 337 464 435
99.930 223 206 290 296 364 37.0 475 386 41.7 515 543
99.960 299 299 371 436 455 574 685 521 60.0 740 809
99.990 61.8 62.1 80.3 109.0 1154 131.8 160.1 120.1 1354 205.6 172.5
99.995 146.0 100.8 1089 136.5 164.7 187.1 226.6 236.9 190.7 314.0 268.4
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Table A8: Estimated o parameters for type II Pareto distribution in 1000 USD

year 1989 1992 1995 1998 2001 2004 2007 2010 2013 2016 2019
cut

91.000 1.2 1.1 0.8 1.1 1.6 1.6 2.5 2.4 2.1 2.2 2.9
92.000 1.4 1.4 0.8 1.4 1.9 1.8 3.1 2.7 2.4 3.0 3.4
93.000 1.4 1.5 0.9 1.6 2.2 2.2 4.1 2.8 2.8 3.5 4.2
94.000 1.7 1.7 1.0 2.0 2.9 2.9 4.5 3.1 3.4 3.4 5.1
95.000 2.1 1.8 1.1 2.3 3.8 3.7 4.8 3.8 4.1 4.2 6.1
96.000 2.2 2.5 1.5 2.9 5.3 4.6 6.0 4.7 4.9 5.9 7.6
97.000 2.7 2.7 1.9 4.6 7.9 6.8 7.3 6.6 6.3 8.8 7.6
98.000 4.3 3.2 3.3 6.7 8.7 10.2 9.8 6.1 8.6 10.0 8.9
98.500 5.2 4.3 4.8 6.6 11.1 9.8 8.8 7.8 8.2 10.0 12.0
99.000 5.5 44 7.2 7.2 10.0 10.6 8.1 10.6 8.6 10.9 12.7
99.100 6.9 4.6 9.0 7.6 11.6 9.7 8.1 11.5 9.8 13.7 12.9
99.300 10.3 5.7 10.8 9.0 13.6 10.8 10.8 11.7 9.7 16.5 18.8
99.600 10.8 6.4 16.7 10.8 14.3 15.2 13.1 13.7  11.2 18.6 22.5
99.900 9.6 15.5 22.8 24.1 24.0 27.0 42.5 24.7 344  20.0 47.8
99.930 11.7 204 21.5 559 226 748 61.5 32.8 484 578 79.7
99.960 15.3 13.0 46.1 46.1 87.2  230.8 102.9 126.3 63.3 195.5 63.3
99.990 57.1 62.4 954 352 81.3 121.3 101.7 201.1 105.8 131.6 250.5
99.995 24.6 1029.1 163.0 &89.8 100.6 167.0 1260.7 62.1 210.2 352.5 -1434.2
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Table A9: Estimated alpha parameters for type II Pareto distribution

year 1989 1992 1995 1998 2001 2004 2007 2010 2013 2016 2019

cut

91.000 160 165 139 143 1556 149 1.62 169 157 146 1.60
92.000 1.64 172 128 150 159 153 1.69 1.70 1.62 156 1.64
93.000 159 172 129 154 161 157 182 169 166 159 1.71
94.000 1.67 1.76 129 159 171 166 182 1.67v 1.72 154 1.79
95.000 1.73 172 126 162 180 1.v3 179 1.73 1.76 1.57 185
96.000 1.67 186 136 166 196 1.78 186 1.81 181 1.68 194
97.000 169 179 138 1.8 221 194 190 197 187 185 182
98.000 188 1.74 154 2.00 212 210 197 173 196 180 1.75
98.500 195 186 1.71 1.86 224 196 1.78 1.79 181 169 186
99.000 1.v6 171 183 1.7 195 187 1.57 1.85 1.67 157 1.74
99.100 193 169 197 1.75 203 1.75 152 1.87 172 1.67 1.70
99.300 227 174 202 176 207 173 160 1.78 1.61 170 1.88
99.600 2.00 1.8 221 168 18 1.73 149 166 148 156 1.77
99.900 1.25 1.59 1.82 160 1.61 158 1.74 147 166 1.12 1.66
99930 1.15 163 1.61 226 138 233 190 149 176 154 1.98
99.960 1.06 1.14 197 1.68 244 454 220 254 1.72 245 149
99990 082 139 188 095 166 184 142 207 146 129 1.70
99.995 1.25 834 199 1.10 143 174 746 1.01 1.57 1.54 -2.65
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Table A10: Estimated alpha parameters for type I Pareto distribution

year 1989 1992 1995 1998 2001 2004 2007 2010 2013 2016 2019

cut

91.000 154 158 146 147 158 154 151 155 149 142 1.46
92.000 1.55 1.59 147 148 159 156 1.53 1.57 151 143 1.48
93.000 157 160 148 150 1.61 157 155 1.59 154 145 1.51
94.000 1.8 1.62 150 1.51 163 1.59 158 1.61 156 147 1.54
95.000 160 1.64 1.51 153 166 162 1.62 1.63 159 149 1.57
96.000 162 166 153 156 1.70 1.65 1.66 1.66 1.63 152 1.62
97.000 164 168 156 159 177 170 1.71 1.70 1.67 157 1.66
98.000 167 171 160 166 187 178 176 1.74 173 162 1.70
98.500 169 173 165 1.71 192 183 1.79 1.76 1.76 164 1.72
99.000 1.v2 175 1.73 174 197 187 1.80 1.79 1.78 1.65 1.75
99.100 1.72 1.v6 1.v5 1.75 197 188 181 180 1.78 1.66 1.75
99.300 1.v4 177 181 176 199 189 181 1.82 1.79 1.67 1.77
99.600 1.76 1.7v8 193 1.79 202 192 183 183 181 1.68 1.79
99.900 158 1.83 2.13 183 207 203 199 1.8 190 165 1.84
99.930 152 185 2.16 1.87r 212 208 2.05 191 195 166 1.89
99.960 143 1.8 220 194 221 234 221 200 204 178 1.95
99.990 1.39 2.08 2,55 208 28 277 270 234 229 200 230
99.995 3.79 249 285 210 3.04 314 3.16 3.12 252 212 3.21
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Table A11: Scale invariance check: p > o

year 1989 1992 1995 1998 2001 2004 2007 2010 2013 2016 2019
cut

91.000 -0.41 -045 -0.13 -0.25 -0.44 -0.31 -1.29 -1.16  -0.92 -0.84 -1.57
92.000 -0.50 -0.62 0.02 -0.44 -0.58 -0.47 -1.71 -1.25  -1.18 -1.41 -1.86
93.000 -0.38 -0.63 -0.00 -0.57 -0.72 -0.71 -2.64 117 -1.34 -1.67 -2.39
94.000 -0.55 -0.73 -0.00 -0.79 -1.24 -1.19 -2.60 -1.13  -1.73 -1.19 -3.04
95.000 -0.72 -0.63 0.07  -092 -1.87 -1.69 -2.40 -1.57  -1.99 -1.65 -3.48
96.000 -0.53 -1.12 -0.17  -1.22  -3.09 -2.21 -3.01 -2.10  -2.34 -2.89 -4.28
97.000 -0.62 -0.84 -0.21 -253 -4.94 -3.82 -3.34 -3.26  -2.86 -4.88 -2.97
98.000 -1.57 -0.66 -1.13 -3.53 -4.09 -5.71 -4.07 -1.04  -3.75 -3.82 -2.26
98.500 -1.85 -1.31 -198 -2.23 -5.18 -3.70 -1.21 -1.73  -1.83 -1.67 -3.95
99.000 -0.86 -0.25  -3.16 -1.11  -1.48 -2.00 2.21 -2.56 0.03 0.21 -1.60
99.100 -2.09 -0.13 456 -1.10 -2.68 -0.15 3.06 -2.84  -0.67 -2.19 -0.92
99.300 -4.68 -0.59 515 -1.39 -3.21 0.31 1.54 -1.19 1.20 -2.85 -5.01
99.600 -2.01 1.15  -7.43 0.57 0.46 -0.02 3.99 1.06 4.65 1.84 -2.43
99.900 9.81 1.19 0.58 0.64 5.53 6.52 -4.09 7.73  -0.68 26.40 -4.35

99.930 10.64 0.17 748 -26.39 13.81 -37.83 -14.07 5.79  -6.69 -6.38  -25.43
99.960  14.57 16.90  -9.00 -2.54 -41.64 -173.37 -34.40 -74.14  -3.33 -121.50 17.67
99.990 4.75 -0.21 -15.13 73.86 34.18 10.57 58.44 -80.91  29.69 74.07  -78.03
99.995 121.33 -928.38 -54.00 46.70 64.06 20.12 -1034.10 174.77 -19.44  -38.47 1702.66
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Figure A2: Scale dependence test: p — o
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C Implicate 1

Table A12: Imp1: Percentile cutoff values in million USD

year 1989 1992 1995 1998 2001 2004 2007 2010 2013 2016 2019
cut

91.0 0.8 0.7 0.7 0.8 1.2 1.2 1.2 1.2 1.1 1.4 1.5
92.0 0.8 0.8 0.8 0.9 1.3 14 1.4 1.4 1.3 1.5 1.6
93.0 0.9 0.8 0.9 1.0 1.4 1.5 1.5 1.6 1.5 1.8 1.9
94.0 1.1 0.9 1.0 1.2 1.6 1.6 1.9 1.9 1.7 2.1 2.2
95.0 1.2 1.2 1.1 1.4 1.9 1.9 2.3 2.2 2.1 2.5 2.7
96.0 1.5 14 1.3 1.7 2.2 2.3 2.9 2.6 2.6 2.9 3.3
97.0 2.0 1.9 1.7 2.0 3.0 3.0 3.9 3.4 3.4 3.9 4.7
98.0 2.7 2.5 2.3 3.0 4.7 4.4 5.7 5.0 4.9 6.0 6.6
98.5 3.3 3.0 3.1 4.2 5.9 6.1 7.7 6.0 6.3 8.1 8.1
99.0 4.6 4.3 4.3 5.8 8.5 8.3 104 8.0 87 109 11.1
99.1 4.8 4.5 4.6 6.3 9.0 9.3 11.2 8.6 9.2 114 121
99.3 5.9 5.1 5.8 74 103 11.0 123 106 11.0 13.1 134
99.6 8.5 7.2 9.8 10.8 147 153 176 148 156 20.5 19.7
99.9 20.0 157 221 249 294 332 382 318 341 460 423
99.9 22.0 197 277 296 356 36.5 455 382 42.8 523 53.7
100.0 30.1 27.7 356 43.0 471 53.0 69.0 50.3 634 737 781
100.0 60.5 65.8 824 111.5 114.0 130.8 163.1 122.5 134.3 198.5 175.2
100.0 128.6 96.2 101.2 140.3 165.2 186.5 2324 253.3 189.4 302.8 282.3
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Table A13: Impl: Estimated o parameters for type II Pareto distribution in 1000 USD

year 1989 1992 1995 1998 2001 2004 2007 2010 2013 2016 2019

cut

91.000 1.0 1.1 0.9 1.0 1.5 1.5 24 2.3 21 2.2 2.7
92.000 1.2 1.3 0.8 1.3 1.8 1.7 3.0 2.7 2.5 2.8 3.3
93.000 1.4 1.5 0.9 14 2.1 2.1 4.0 3.0 2.8 3.1 4.0
94.000 1.6 2.0 1.0 1.9 2.8 2.7 4.2 3.1 3.5 3.1 4.8
95.000 2.2 2.0 14 2.2 3.7 3.7 4.7 3.8 4.1 4.0 5.9
96.000 2.2 2.7 1.8 2.7 5.5 4.8 5.8 4.9 5.0 5.7 7.8
97.000 2.8 2.8 24 4.8 7.9 6.5 8.1 6.0 6.6 7.9 7.8
98.000 3.8 3.0 4.2 6.7 8.2 10.5 10.2 0.8 8.6 9.9 9.9

98.500 5.6 4.1 5.3 6.4 10.7 10.3 8.9 7.8 8.9 9.8 12.0
99.000 4.4 3.6 7.5 71 104 121 85 11.2 8.7 10.6 12.1
99.100 5.3 4.2 10.7 73 11.2 10.5 8.8 13.3 9.6 12.6 12.3
99.300 8.0 4.9 11.7 83 140 11.0 12.7  11.2 9.5 18.2 19.9
99.600 11.8 6.2 105 11.6 156 13.2 126 13.6 108 17.3 22.9
99.900 5.6 16.7 224 191 264 20.8 40.2  25.0 364 222 51.0
99.930 94 183 23.0 36.1 32.7 51.7 70.5 294 549 50.0 72.5
99.960 94 180 439 39.0 81.0 3325 96.7 188.7 68.2 205.1 80.9
99.990 382 296 21.0 505 669 757 121.8 1314 130.8 135.5 251.7
99.995 -226.1 466.4 2244 1477 979 34.2 1313.3 27.6 159.1 987.2 -1429.8
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Table A14: Impl: Estimated alpha parameters for type II Pareto distribution

year 1989 1992 1995 1998 2001 2004 2007 2010 2013 2016 2019
cut

91.000 1.48 1.67 139 143 153 149 1.59 1.67 1.57 148 1.57
92.000 1.54 1.71 126 148 156 1.50 1.67 171 164 154 1.62
93.000 1.58 1.75 1.30 1.50 1.9 154 1.78 1.73 164 154 1.68
94.000 1.59 188 1.31 1.57 1.68 1.64 1.78 1.68 1.73 1.51 1.75
95.000 1.77 182 139 160 1.78 1.73 178 174 1.77 155 1.83
96.000 169 196 146 164 198 181 183 1.8 181 1.67 197
97.000 1.72 1.8 154 189 220 192 197 188 190 1.78 1.83
98.000 1.80 1.73 1.74 203 204 214 202 170 195 180 1.86
98.500 2.02 1.86 180 185 216 2.00 1.79 178 184 167 1.88
99.000 1.64 160 191 1.75 198 197 1.59 190 1.67 156 1.72
99.100 1.72 1.67 220 173 2,00 1.81 156 203 1.70 1.63 1.67
99.300 1.91 1.67 217 1.71 208 1.75 1.71 176 158 1.77 1.94
99.600 2.08 1.59 179 173 193 165 147 165 144 154 181
99.900 1.00 1.67 1.79 143 165 143 1.67 147 1.67 1.19 1.69
99.930 1.08 1.57 166 1.73 166 193 2.03 143 185 145 1.91
99.960 0.88 1.30 194 155 233 6.02 210 3.23 181 247 1.70
99.990 0.78 093 092 1.08 151 143 166 1.70 165 131 1.69
99.995 -1.18 4.35 227 154 142 0.78 7.60 0.72 134 3.28 -2.80
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Table A15: Impl: Estimated a parameters for type I Pareto distribution

year 1989 1992 1995 1998 2001 2004 2007 2010 2013 2016 2019

cut

91.0 1.5 1.6 1.5 1.5 1.6 1.5 1.5 1.5 1.5 1.4 1.5
92.0 1.5 1.6 1.5 1.5 1.6 1.5 1.5 1.6 1.5 1.4 1.5
93.0 1.5 1.6 1.5 1.5 1.6 1.6 1.5 1.6 1.5 14 1.5
94.0 1.6 1.6 1.5 1.5 1.6 1.6 1.6 1.6 1.6 1.5 1.6
95.0 1.6 1.6 1.5 1.5 1.7 1.6 1.6 1.6 1.6 1.5 1.6
96.0 1.6 1.7 1.6 1.5 1.7 1.6 1.7 1.7 1.6 1.5 1.6
97.0 1.6 1.7 1.6 1.6 1.8 1.7 1.7 1.7 1.7 1.6 1.7
98.0 1.7 1.7 1.6 1.6 1.9 1.8 1.8 1.7 1.7 1.6 1.7
98.5 1.7 1.7 1.7 1.7 1.9 1.8 1.8 1.8 1.8 1.6 1.7
99.0 1.7 1.8 1.8 1.7 2.0 1.8 1.8 1.8 1.8 1.6 1.8
99.1 1.7 1.8 1.8 1.7 2.0 1.9 1.8 1.8 1.8 1.7 1.8
99.3 1.7 1.8 1.8 1.7 2.0 1.9 1.8 1.8 1.8 1.7 1.8
99.6 1.8 1.8 1.9 1.8 2.0 1.9 1.8 1.8 1.8 1.7 1.8
99.9 1.6 1.8 2.1 1.8 2.1 2.0 2.0 1.9 1.9 1.6 1.8
99.9 1.5 1.8 21 1.8 2.2 2.0 2.0 1.9 2.0 1.7 1.9
100.0 1.4 1.8 2.1 1.9 2.3 2.2 2.2 2.0 2.1 1.8 2.0
100.0 1.3 2.1 24 2.1 2.9 2.5 2.8 24 2.3 1.9 24
100.0 2.1 24 2.6 2.2 3.1 2.5 3.2 3.3 2.5 2.0 3.3

39



Table A16: Impl: Scale invariance check: pu > o

year 1989 1992 1995 1998 2001 2004 2007 2010 2013 2016 2019
cut

91.000 -0.23 -0.43 -0.15 -0.20 -0.35 -0.29 -1.18 -1.10  -0.92 -0.88 -1.26
92.000 -0.36 -0.55 0.04 -0.35 -0.50 -0.36 -1.62 -1.31  -1.24 -1.30 -1.62
93.000 -0.45 -0.69 -0.04 -0.41 -0.70 -0.56 -2.46 -1.43  -1.29 -1.28 -2.11
94.000 -0.48 -1.04 -0.05 -0.72  -1.20 -1.05 -2.32 -1.19  -1.76 -0.97 -2.66
95.000 -0.93 -0.87 -0.24 -0.79 -1.82 -1.78 -2.40 -1.61  -2.07 -1.59 -3.26
96.000 -0.69 -1.37 -0.44 -1.08 -3.26 -2.44 -2.80 =227 -2.42 -2.78 -4.48
97.000 -0.81 -091 -0.63 -2.82 -4.91 -3.56 -4.24 -2.59  -3.13 -4.05 -3.10
98.000 -1.08 -0.43 -1.83  -3.71  -3.53 -6.05 -4.47 -0.76  -3.68 -3.92 -3.36
98.500 -2.24 -1.07 -2.18  -2.13 -4.72 -4.26 -1.18 -1.76  -2.58 -1.64 -3.96
99.000 0.13 0.70 -3.20 -1.27  -1.93 -3.76 1.83 -3.25  -0.08 0.33 -1.00
99.100 -0.52 0.26 -6.05 -0.98 -2.26 -1.16 2.40 -4.69  -0.42 -1.27 -0.18
99.300 -2.47 0.18 -5.95 -0.91 -3.68 -0.01 -0.47 -0.56 1.56 -5.11 -6.50
99.600 -3.29 0.96 -0.69 -0.88 -0.92 2.14 5.09 1.28 4.77 3.23 -3.19
99.900 14.32 -0.96 -0.31 5.79 2.96 12.42 -2.02 6.86 -2.26 23.86 -8.65
99.930 12.62 1.40 4.65 -6.45 2.89 -15.12 -25.04 8.86 -12.09 2.25 -18.81
99.960  20.74 9.76 -8.23  3.92 -33.92 -279.51 -27.65 -138.43  -4.77 -131.35 -2.84
99.990  22.32 36.12 61.33 60.98 47.10 55.04 41.25 -8.88 3.53 62.93 -76.58
99.995 354.64 -370.25 -123.22 -7.44 67.28 152.28 -1080.86 225.67 30.31 -684.43 1712.09
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D Implicate 2

Table A17: Imp2: Percentile cutoff values in million USD

year 1989 1992 1995 1998 2001 2004 2007 2010 2013 2016 2019

cut

91.0 1.0 0.7 0.7 0.9 1.2 1.3 1.2 1.3 1.1 14 1.3
92.0 1.1 0.8 0.8 0.9 1.3 14 14 14 1.3 1.5 1.5
93.0 1.4 0.9 0.9 1.1 14 1.5 1.5 1.6 1.5 1.8 1.7
94.0 1.5 1.0 1.0 1.2 1.6 1.7 1.9 1.9 1.7 2.2 2.1
95.0 1.7 1.2 1.1 1.4 1.9 1.9 24 2.2 2.1 2.6 2.6
96.0 2.0 14 1.3 1.7 2.3 2.4 2.9 2.5 2.6 3.1 3.3
97.0 24 1.8 1.7 21 3.0 2.9 4.0 3.2 3.4 4.1 4.7
98.0 2.9 2.4 2.3 3.2 4.6 4.5 5.6 4.9 4.7 6.3 6.6
98.5 3.7 2.9 2.8 4.5 5.9 6.1 7.5 6.0 6.3 8.2 7.9
99.0 4.8 4.0 4.1 6.2 8.6 8.6 10.3 7.8 8.7 112 117
99.1 5.0 4.3 4.3 6.6 9.1 9.6 109 8.2 9.1 116 121
99.3 6.0 5.0 5.5 7.7 103 10.8 122 99 111 14.0 141
99.6 9.4 7.0 9.2 11.7 147 149 164 148 16.0 203 20.2
99.9 193 170 260 242 299 332 369 324 324 469 429
99.9 227 212 30,5 284 377 374 469 39.7 403 51.6 547
100.0 279 30.2 420 452 417 629 720 539 615 745 799
100.0 69.8 61.7 773 107.8 113.7 137.5 158.2 121.8 1328 191.0 169.5
100.0 141.0 102.0 1079 1404 165.2 1924 217.7 235.7 1854 305.2 262.8
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Table A18: Imp2: Estimated o parameters for type II Pareto distribution in 1000 USD

year 1989 1992 1995 1998 2001 2004 2007 2010 2013 2016 2019

cut

91.000 1.7 1.1 0.8 1.0 1.6 1.5 2.6 2.2 2.0 24 2.9
92.000 2.0 1.3 0.8 1.3 1.9 1.8 3.1 2.4 2.4 3.4 3.5
93.000 1.6 1.4 0.8 1.4 2.2 2.3 4.5 2.7 2.8 3.7 4.4
94.000 1.8 1.6 0.9 1.8 3.0 2.9 4.4 2.8 3.3 3.4 5.3
95.000 1.8 1.6 1.0 24 4.0 3.7 4.8 3.5 4.0 4.4 6.0
96.000 2.0 2.2 1.5 2.8 5.3 4.5 6.3 4.3 4.5 6.1 7.7
97.000 2.5 2.2 1.6 4.5 8.0 7.0 6.7 6.3 5.9 8.7 7.5
98.000 0.7 3.1 2.8 7.0 9.4 9.7 9.6 5.8 8.5 10.3 8.7

98.500 4.4 4.0 4.5 6.3 109 10.1 7.9 6.8 8.1 11.3 12.4
99.000 6.2 4.1 6.4 7.5 94 10.2 6.6 10.0 8.2 121 11.1
99.100 8.5 3.9 7.9 7.6 10.5 8.6 6.8 119 9.2 15.6 13.3
99.300 12.0 49 10.0 106 13.3 11.7 8.2 13.0 8.6 16.5 16.9
99.600 8.6 73 151 99 159 185 11.1 139 94 177 21.8
99.900 82 145 196 255 224 336 442 284 415 172 48.4
99.930 71 152 206 79.0 13.8 927 66.7 328 66.2 513 74.0
99.960 11.0 124 145 55.5 161.9 110.6 54.1  78.1  57.7 185.3 73.9
99.990 335 70.7 490 46.2 884 297.6 144.6 161.0 138.7 195.8 320.9
99.995 38.8 222.7 1121 99.2 124.0 114.3 1191.2 90.1 342.2 44.0 -1533.6
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Table A19: Imp2: Estimated o parameters for type II Pareto distribution

year 1989 1992 1995 1998 2001 2004 2007 2010 2013 2016 2019
cut

91.000 1.85 1.65 133 142 153 146 1.63 1.64 1.57 149 1.60
92.000 194 1.72 127 147 161 150 170 1.64 163 1.63 1.66
93.000 1.70 1.68 1.25 147 163 158 1.89 166 1.66 1.64 1.75
94.000 1.72 1.71 122 153 174 165 1.81 1.61 1.72 1.56 1.82
95.000 1.63 1.66 1.20 1.62 184 1.72 1.80 1.68 1.77 1.60 1.84
96.000 1.62 1.77 132 162 196 1.75 190 1.73 1.76 1.71 1.95
97.000 1.64 1.67 1.27 181 225 195 1.84 191 183 1.84 1.80
98.000 2.17 1.73 138 201 222 204 196 168 196 183 1.74
98.500 1.75 1.80 1.65 1.80 225 198 1.72 1.68 180 1.79 1.89
99.000 1.83 165 1.70 1.75 190 182 146 1.78 1.64 1.65 1.65
99.100 2.12 1.57 1.83 1.72 194 165 143 1.8 1.68 1.78 1.73
99.300 245 1.60 192 188 203 1.77 144 184 154 1.72 1.80
99.600 1.78 1.64 206 160 194 18 140 1.66 1.39 154 1.76
99.900 1.17 155 176 160 161 1.74 1.76 1.59 182 1.06 1.69
99.930 094 143 162 281 108 261 197 150 209 149 1.90
99.960 0.91 1.12 1.22 185 3.80 261 154 193 164 240 1.63
99.990 0.76 148 133 1.10 1.75 340 1.56 1.74 168 1.64 2.10
99.995 0.77 228 1.60 1.17 1.66 144 630 1.23 223 0.64 -3.27
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Table A20: Imp2: Estimated a parameters for type I Pareto distribution

year 1989 1992 1995 1998 2001 2004 2007 2010 2013 2016 2019

cut

91.0 1.6 1.6 1.5 1.5 1.6 1.5 1.5 1.5 1.5 1.4 1.5
92.0 1.7 1.6 1.5 1.5 1.6 1.5 1.5 1.6 1.5 1.4 1.5
93.0 1.7 1.6 1.5 1.5 1.6 1.6 1.5 1.6 1.5 1.5 1.5
94.0 1.7 1.6 1.5 1.5 1.6 1.6 1.6 1.6 1.6 1.5 1.5
95.0 1.7 1.6 1.5 1.5 1.7 1.6 1.6 1.6 1.6 1.5 1.6
96.0 1.7 1.6 1.5 1.6 1.7 1.6 1.7 1.6 1.6 1.5 1.6
97.0 1.7 1.7 1.6 1.6 1.8 1.7 1.7 1.7 1.7 1.6 1.7
98.0 1.7 1.7 1.6 1.7 1.9 1.8 1.7 1.7 1.7 1.6 1.7
98.5 1.7 1.7 1.6 1.7 1.9 1.8 1.8 1.7 1.8 1.7 1.7
99.0 1.7 1.7 1.7 1.7 2.0 1.9 1.8 1.8 1.8 1.7 1.8
99.1 1.7 1.7 1.7 1.8 2.0 1.9 1.8 1.8 1.8 1.7 1.8
99.3 1.8 1.7 1.8 1.8 2.0 1.9 1.8 1.8 1.8 1.7 1.8
99.6 1.8 1.8 2.0 1.8 2.0 1.9 1.8 1.8 1.8 1.7 1.8
99.9 1.6 1.8 2.2 1.8 2.1 2.1 1.9 1.9 1.9 1.7 1.9
99.9 1.5 1.9 2.2 1.9 2.1 2.1 2.0 1.9 1.9 1.7 2.0
100.0 1.4 1.9 2.2 2.0 2.1 2.4 2.1 2.0 2.1 1.8 21
100.0 1.3 2.1 2.5 2.2 2.9 3.1 24 2.3 2.3 2.0 24
100.0 1.9 2.5 2.8 2.3 3.1 3.4 2.8 3.2 2.6 2.1 3.4
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Table A21

: Imp2: Scale invariance check: p > o

year 1989 1992 1995 1998 2001 2004 2007 2010 2013 2016 2019
cut

91.000 -0.70 -0.44 -0.07 -0.17 -0.42 -0.22 -1.32 -0.95 -0.91 -0.99 -1.63
92.000 -0.89 -0.58 0.01 -0.31 -0.67 -0.40 -1.76 -0.99 -1.18 -1.91 -1.99
93.000 -0.26 -0.49 0.04 -0.34 -0.81 -0.79 -3.00 -1.11 -1.33 -1.92 -2.65
94.000 -0.29 -0.56  0.10 -0.59 -1.43 -1.25 -2.53 -0.87 -1.65 -1.19 -3.19
95.000 -0.10 -0.42 0.15 -1.02 -2.12 -1.78 -2.49 -1.30 -1.98 -1.78 -3.43
96.000 -0.03 -0.79 -0.15 -1.08 -3.04 -2.05 -3.33 -1.74 -1.96 -3.02 -4.42
97.000 -0.09 -0.43 0.07 -2.35 -5.04 -4.07 -2.70 -3.12 -2.52 -4.62 -2.77
98.000 -2.84 -0.73 -0.48  -3.79 -4.85 -5.20 -3.93 -0.89 -3.85 -4.03 -2.10
98.500 -0.65 -1.07  -1.72  -1.83 -4.99 -4.00 -0.43 -0.75 -1.84 -3.08 -4.48
99.000 -1.46 -0.16 -2.33 -1.30 -0.83 -1.55 3.68 -2.23 0.49 -0.98 0.52
99.100 -3.53 0.41 -3.59 -0.92 -1.41 1.00 4.16 -3.72 -0.03 -4.04 -1.21
99.300 -6.02 0.02 -444 -2.85 -3.02 -0.83 3.97 -3.08 2.51 -2.56 -2.73
99.600 0.82 -0.26 -5.86 1.83 -1.19 -3.61 5.30 0.91 6.54 2.58 -1.54
99.900 11.06 249 633 -1.32 7.51 -0.34 -7.36 3.99 -9.08 29.77 -5.48
99.930 15.66 6.00 9.93 -50.63 23.94 -55.28 -19.73 6.97 -25.89 0.24 -19.28
99.960 16.88 17.84 27.42 -10.31 -120.21  -47.76 17.85 -24.22 3.85 -110.83 5.98
99.990  36.27 -9.04 28.33 61.56 25.25 -160.10 13.59 -39.27 -5.92 -4.72  -151.45
99.995 102.20 -120.78 -4.25 41.16 41.24 78.13 -973.45 145.60 -156.79 261.27 1796.41
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E Implicate 3

Table A22: Imp3: Percentile cutoff values in million USD

year 1989 1992 1995 1998 2001 2004 2007 2010 2013 2016 2019
cut

91.0 0.8 0.7 0.7 0.8 1.2 1.3 1.2 1.3 1.1 1.4 1.3
92.0 0.8 0.8 0.8 0.9 14 14 1.3 1.5 1.3 1.5 1.5
93.0 1.0 0.9 0.9 1.0 1.5 1.5 1.5 1.7 1.5 1.8 1.7
94.0 1.0 0.9 1.0 1.2 1.7 1.7 1.8 2.0 1.7 2.2 2.0
95.0 1.2 1.1 1.2 1.4 2.0 2.0 2.3 2.3 2.0 2.6 2.5
96.0 1.5 14 1.3 1.7 2.3 2.5 2.9 2.7 2.6 3.0 3.2
97.0 2.0 1.8 1.6 2.0 3.0 3.2 3.9 3.5 3.4 4.0 44
98.0 2.6 2.4 2.2 3.2 4.7 4.7 5.6 5.2 4.9 6.3 6.4
98.5 3.3 2.9 2.8 4.4 6.0 6.5 7.6 6.1 6.5 8.5 7.9
99.0 4.6 4.0 4.0 5.9 8.6 9.0 10.2 8.2 8.8 11.3 10.9
99.1 4.8 4.3 44 6.2 8.9 9.8 11.1 9.0 9.3 11.7 118
99.3 5.7 5.1 5.6 7.5 104 114 12,5 106 11.0 14.0 134
99.6 8.9 7.3 9.1 11.7 149 153 174 149 159 20.6 20.5
99.9 19.1 15.7 235 250 294 332 382 324 352 46.7 439
99.9 21.6 19.1 299 299 365 370 471 385 43.6 523 539
100.0 278 284 36.8 454 451 56.1 675 H1.0 592 737 81.6
100.0 585 585 82.0 1079 111.8 133.6 159.1 1185 128.0 219.0 169.3
100.0 133.8 97.5 103.5 135.8 165.2 202.1 2127 240.1 186.6 318.1 263.0
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Table A23: Imp3: Estimated o parameters for type II Pareto distribution in 1000 USD

year 1989 1992 1995 1998 2001 2004 2007 2010 2013 2016 2019

cut

91.000 1.2 1.0 0.9 1.1 1.9 1.7 2.5 2.7 2.1 2.2 2.6
92.000 1.3 1.2 0.8 1.3 1.9 2.1 3.0 2.9 2.4 3.0 3.2
93.000 14 1.3 0.9 1.5 2.2 2.5 4.0 2.9 2.8 3.7 3.9
94.000 1.7 1.7 0.9 1.9 2.9 3.1 4.6 3.1 3.4 3.4 4.9
95.000 2.3 1.7 1.0 2.2 3.8 3.9 4.8 3.8 4.1 4.2 6.0
96.000 2.2 2.1 1.4 2.8 5.3 4.8 5.9 4.9 5.0 5.9 7.0
97.000 24 2.4 1.8 4.5 7.9 6.7 7.2 6.8 6.7 9.7 8.2
98.000 4.1 2.9 3.2 5.8 9.2 104 10.6 6.2 9.2 10.1 9.2

98.500 6.3 4.1 4.7 5.9 11.6 9.4 9.1 8.3 8.7 9.9 12.2
99.000 5.9 5.1 7.5 6.7 10.0 9.9 8.7 11.6 9.5 10.8 13.4
99.100 7.9 4.9 8.5 8.2 12,6 9.6 82 105 108 141 12.7
99.300 10.6 5.7 10.8 8.3 145 9.4 10,5 123 108 16.5 204
99.600 8.0 6.3 209 9.0 126 144 11.9 147 139 21.7 20.1
99.900 6.2 114 214 234 214 273 452 260 333 183 49.9
99.930 98 206 140 628 19.8 73.0 57.1 324 34.6 50.7 77.5
99.960 9.1 126 355 486 66.4 163.7 111.2 1249 432 2793 55.0
99.990 396.9 41.8 36.3 23.5 103.5 86.4 58.3 301.9 103.8 89.0 278.6
99.995 55.9 113.0 1523 68.0 67.5 51.5 1163.8 50.7 120.3 131.3 -1442.7
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Table A24: Imp3: Estimated o parameters for type II Pareto distribution

year 1989 1992 1995 1998 2001 2004 2007 2010 2013 2016 2019
cut

91.000 1.57 1.60 142 142 164 151 1.60 1.76 1.57 145 1.54
92.000 1.57 1.68 131 147 161 158 1.68 1.75 1.61 1.56 1.60
93.000 1.55 1.68 134 152 163 162 1.80 1.70 1.65 1.61 1.65
94.000 1.67 1.80 1.28 1.57 1.73 1.70 1.84 1.67v 1.71 1.53 1.76
95.000 1.84 1.72 1.20 158 181 1.76 1.79 1.74 178 156 1.84
96.000 168 1.77 135 161 196 182 1.8 183 183 1.67 1.87
97.000 1.60 1.75 136 1.82 220 193 1.89 199 192 191 1.88
98.000 1.86 1.72 1.51 1.87r 217 212 2.03 1.74 202 1.79 1.78
98.500 2.18 1.85 1.70 1.76 234 193 1.80 183 186 1.67 1.87
99.000 1.86 1.87 1.8 1.67 196 1.81 1.62 192 1.75 156 1.76
99.100 2.12 1.78 1.89 1.80 213 1.76 154 1.79 1.79 1.68 1.68
99.300 236 1.7v8 200 1.67 217 165 159 183 169 1.68 1.95
99.600 1.77 1.62 253 152 1.78 1.71 144 1.71 1.63 1.64 1.68
99.900 1.04 139 1.77 153 153 157 1.82 1.50 1.68 1.07 1.68
99.930 1.09 166 134 240 134 229 1.85 148 1.55 146 1.95
99.960 0.81 1.14 1.69 169 209 348 231 254 149 3.16 1.36
99.990 3.75 1.10 1.11 0.79 200 154 1.14 277 146 1.12 1.79
99.995 0.51 136 1.7/8 085 1.17 096 6.46 0.95 1.13 097 -2.44
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Table A25: Imp3: Estimated a parameters for type I Pareto distribution

year 1989 1992 1995 1998 2001 2004 2007 2010 2013 2016 2019

cut

91.0 1.5 1.6 1.5 1.5 1.6 1.6 1.5 1.6 1.5 1.4 1.4
92.0 1.5 1.6 1.5 1.5 1.6 1.6 1.5 1.6 1.5 1.4 1.5
93.0 1.5 1.6 1.5 1.5 1.6 1.6 1.5 1.6 1.5 14 1.5
94.0 1.5 1.6 1.5 1.5 1.7 1.6 1.6 1.6 1.6 1.5 1.5
95.0 1.6 1.6 1.5 1.5 1.7 1.6 1.6 1.6 1.6 1.5 1.5
96.0 1.6 1.7 1.5 1.5 1.7 1.7 1.7 1.7 1.6 1.5 1.6
97.0 1.6 1.7 1.5 1.6 1.8 1.7 1.7 1.7 1.7 1.6 1.6
98.0 1.6 1.7 1.6 1.6 1.9 1.8 1.8 1.8 1.8 1.6 1.7
98.5 1.7 1.7 1.6 1.7 1.9 1.8 1.8 1.8 1.8 1.6 1.7
99.0 1.7 1.7 1.7 1.7 2.0 1.9 1.8 1.8 1.8 1.7 1.7
99.1 1.7 1.8 1.7 1.7 2.0 1.9 1.8 1.8 1.8 1.7 1.7
99.3 1.7 1.8 1.8 1.7 2.0 1.9 1.8 1.8 1.8 1.7 1.7
99.6 1.7 1.8 1.9 1.7 2.0 1.9 1.8 1.8 1.8 1.7 1.8
99.9 1.5 1.8 2.1 1.8 2.1 2.0 2.0 1.9 1.9 1.6 1.8
99.9 1.4 1.8 21 1.8 2.2 2.1 2.1 1.9 2.0 1.7 1.8
100.0 1.2 1.8 2.1 1.8 2.3 2.3 2.2 2.0 2.0 1.8 1.9
100.0 1.1 1.9 24 1.8 2.9 2.7 2.6 2.3 2.2 2.1 2.1
100.0 1.1 2.3 2.5 1.8 3.1 3.1 3.0 3.1 24 2.1 2.9
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Table A26: Imp3: Scale invariance check: u > o

year 1989 1992 1995 1998 2001 2004 2007 2010 2013 2016 2019
cut

91.000 -0.41 -0.31 -0.17 -0.23 -0.63 -0.40 -1.24 -1.46  -0.94 -0.86 -1.31
92.000 -0.43 -047 -0.02 -0.36 -0.50 -0.69 -1.69 -1.43  -1.13 -1.43 -1.69
93.000 -041  -049 -0.05 -0.52 -0.64 -0.93 -2.58 -1.16  -1.32 -1.90 -2.16
94.000 -0.70  -0.80 0.06 -0.72 -1.17 -1.43 -2.79 -1.05 -1.69 -1.22 -2.95
95.000 -1.10  -0.59 021 -0.86 -1.80 -1.91 -2.43 -1.54  -2.11 -1.62 -3.56
96.000 -0.67 -0.76 -0.11 -1.08 -2.98 -2.38 -2.99 -2.14  -2.46 -2.88 -3.83
97.000 -0.45 -0.66 -0.18 -2.43 -4.90 -3.44 -3.24 -3.31 -3.31 -5.77 -3.83
98.000 -1.50  -0.54 -1.07 -2.60 -4.46 -5.62 -4.98 -1.01  -4.32 -3.81 -2.77
98.500 -3.07  -1.21 -1.93 -1.51 -5.61 -2.88 -1.49 -2.12  -2.19 -1.40 -4.30
99.000 -1.34  -1.15 -345 -0.78 -1.45 -0.96 1.59 -3.45  -0.73 0.44 -2.55
99.100 -3.15  -0.59 414 -2.09 -3.76 0.12 2.93 -1.47  -1.44 -2.43 -0.88
99.300 -4.90 -064 -525 -0.74 -4.08 2.06 2.01 -1.76  0.17 -2.53 -6.97
99.600 0.90 1.02 -11.82 2.75 2.32 0.91 5.01 0.18  2.05 -1.13 0.35
99.900 12.90 4.28 2.07 1.61 7.97 5.88 -7.10 6.35 1.88 28.47 -5.96
99.930 11.80 -1.50 15.88 -32.82 16.67 -36.03 -10.03 6.04 9.05 1.57 -23.63
99.960 18.64 15.81 1.28 -3.18 -21.24 -107.60 -43.71 -73.86 16.00 -205.59 26.57
99.990 -338.39 16.77 45.71 84.43 8.29 47.24  100.86 -183.38 24.28 129.94 -109.30
99.995 77.88 -15.51 -48.89 67.74 97.74 150.64 -951.17 189.39 66.36 186.88 1705.69
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F Implicate 4

Table A27: Imp4: Percentile cutoff values in million USD

year 1989 1992 1995 1998 2001 2004 2007 2010 2013 2016 2019

cut

91.0 0.8 0.7 0.7 0.9 1.2 1.3 1.2 1.3 1.1 14 14
92.0 0.8 0.8 0.8 0.9 1.3 14 14 1.5 1.3 1.5 1.6
93.0 1.0 0.9 0.9 1.1 14 1.5 1.5 1.7 1.4 1.8 1.8
94.0 1.1 1.0 0.9 1.2 1.6 1.7 1.8 2.0 1.7 2.1 2.2
95.0 1.2 1.2 1.1 1.5 1.9 2.0 24 2.3 2.1 2.5 2.7
96.0 1.6 14 1.3 1.8 2.2 2.4 2.9 2.7 2.5 2.9 3.3
97.0 1.9 1.9 1.6 24 2.9 2.8 3.9 3.5 3.4 3.9 4.8
98.0 2.6 2.6 2.1 3.5 4.6 4.3 5.8 5.2 4.8 6.1 6.6
98.5 3.2 3.1 2.7 4.7 5.8 6.1 7.5 6.2 6.3 8.2 8.1
99.0 4.5 4.4 3.9 6.5 8.5 8.6 104 8.2 8.6 11.0 11.0
99.1 4.7 4.6 4.3 7.0 8.9 9.5 11.3 9.0 8.8 114 120
99.3 5.4 5.6 5.4 8.0 104 11.2 1255 107 10.6 13.3 14.2
99.6 8.3 7.9 89 11.7 147 154 169 148 157 202 19.7
99.9 195 160 21.8 242 29.0 33.6 386 327 328 455 442
99.9 234 193 28,0 299 348 363 481 374 41.0 50.2 539
100.0 319 305 36.8 409 470 559 68.6 H1.6 564 737 82.1
100.0 583 613 774 106.5 119.5 129.0 160.3 118.7 1323 2139 175.3
100.0 1979 101.8 1244 133.2 162.6 167.8 237.8 2264 200.5 325.0 274.0

o1



Table A28: Imp4: Estimated o parameters for type II Pareto distribution in 1000 USD

year 1989 1992 1995 1998 2001 2004 2007 2010 2013 2016 2019
cut

91.000 1.1 1.3 0.8 1.4 1.5 1.6 2.6 2.6 2.0 2.1 3.2
92.000 1.3 1.6 0.8 1.8 1.9 1.8 3.0 2.8 2.4 2.7 3.5
93.000 1.3 1.7 0.8 2.1 2.1 2.1 4.0 3.0 2.8 3.2 4.2
94.000 1.7 1.7 1.1 2.6 2.6 2.7 4.5 3.3 3.3 3.4 5.0
95.000 2.0 2.0 1.0 2.7 3.3 3.3 4.5 4.2 3.9 4.1 5.9
96.000 1.8 3.1 1.3 3.6 4.9 4.5 5.9 5.1 5.0 6.0 7.6
97.000 2.8 3.3 2.0 5.0 7.3 7.1 7.1 7.0 5.8 8.8 6.7
98.000 3.2 3.8 3.3 7.7 8.2 11.1 9.7 6.5 7.8 9.8 8.6
98.500 4.8 4.9 4.7 7.0 11.0 10.0 8.9 9.3 7.9 9.5 11.6
99.000 4.9 4.5 7.2 6.9 9.4 11.0 8.5 11.0 8.3 9.8 13.0
99.100 5.6 5.1 8.1 7.0 11.6 10.3 8.1 10.7 9.8 12.1 12.6
99.300 11.1 5.2 9.6 8.4 13.4 10.1 10.7  11.3 10.5 15.6 16.4
99.600 11.3 5.4 12.8 10.6 13.0 15.3 16.4 12.7 12.1 18.8 21.7
99.900 199 16.8 284 23.7 223 23.7 42.1 19.6 38.6 23.6 45.1
99.930 10.7 332 258 31.8 309 634 583 320 408 81.1 92.7
99.960 8.2 11.2 53.3 419 755 4221 107.0 116.5 73.8 167.1 59.5
99.990 45.8 121.8 284.3 21.2 83.8 52.1 80.7 113.6 1144  90.7 215.9
99.995 70.6 68.0 120.7 74.2 105.6 362.0 339.3 70.5 259.6 321.3 -1370.7
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Table A29: Imp4: Estimated alpha parameters for type II Pareto distribution

year 1989 1992 1995 1998 2001 2004 2007 2010 2013 2016 2019
cut

91.000 1.55 1.69 137 152 153 150 1.62 1.72 158 143 1.66
92.000 1.60 1.81 129 164 159 155 1.68 1.73 1.63 1.52 1.66
93.000 1.56 1.78 1.29 169 159 1.57 1.79 1.72 1.67 155 1.71
94.000 166 1.73 141 176 1.67 166 1.83 1.72 1.71 1.53 1.78
95.000 1.75 177 1.28 1.72 1.71 169 1.75 181 1.74 155 1.83
96.000 1.55 2.04 130 182 190 1.77 1.81 188 183 1.69 1.96
97.000 1.74 196 145 195 210 198 1.88 2.05 184 184 1.72
98.000 1.65 1.88 1.57 217 206 218 195 178 190 1.78 1.73
98.500 1.87 197 171 194 219 200 179 194 179 166 1.84
99.000 1.69 1.73 1.84 1.75 190 192 158 190 1.65 1.52 1.76
99.100 1.73 1.78 1.88 1.72 2,02 182 150 183 1.73 1.60 1.69
99.300 239 1.70 192 1.74 204 169 158 1.76 1.67 166 1.77
99.600 2.02 149 192 1.0 1.78 1.75 1.65 1.62 155 155 1.73
99.900 1.88 1.66 197 164 153 1.56 1.75 135 1.78 1.17 1.61
99.930 1.07 206 1.74 1.71 161 220 1.84 147 163 1.76 2.13
99.960 0.81 1.08 2.12 1.63 223 7.68 228 244 185 223 1.44
99.990 0.52 223 4.17 084 159 123 132 150 154 1.03 1.54
99.995 3.23 1.18 1.8 099 140 3.09 2,57 1.08 1.81 1.40 -2.36
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Table A30: Imp4: Estimated a parameters for type I Pareto distribution

year 1989 1992 1995 1998 2001 2004 2007 2010 2013 2016 2019

cut

91.0 1.5 1.6 1.5 1.5 1.6 1.6 1.5 1.6 1.5 1.4 1.5
92.0 1.5 1.6 1.5 1.5 1.6 1.6 1.5 1.6 1.5 1.4 1.5
93.0 1.5 1.6 1.5 1.5 1.6 1.6 1.5 1.6 1.5 14 1.5
94.0 1.5 1.6 1.5 1.6 1.6 1.6 1.6 1.6 1.6 1.5 1.5
95.0 1.6 1.7 1.5 1.6 1.6 1.6 1.6 1.7 1.6 1.5 1.6
96.0 1.6 1.7 1.5 1.6 1.7 1.7 1.6 1.7 1.6 1.5 1.6
97.0 1.6 1.7 1.6 1.7 1.7 1.7 1.7 1.7 1.7 1.6 1.7
98.0 1.6 1.8 1.6 1.7 1.8 1.8 1.8 1.8 1.7 1.6 1.7
98.5 1.6 1.8 1.6 1.8 1.9 1.9 1.8 1.8 1.8 1.6 1.7
99.0 1.7 1.8 1.7 1.8 1.9 1.9 1.8 1.8 1.8 1.6 1.7
99.1 1.7 1.8 1.7 1.8 1.9 1.9 1.8 1.8 1.8 1.6 1.7
99.3 1.7 1.8 1.8 1.8 2.0 1.9 1.8 1.8 1.8 1.6 1.8
99.6 1.7 1.8 1.9 1.8 2.0 2.0 1.8 1.8 1.8 1.7 1.8
99.9 1.6 1.8 2.1 1.8 2.0 2.1 2.0 1.9 1.9 1.6 1.8
99.9 1.5 1.9 2.2 1.9 2.1 2.1 2.1 1.9 1.9 1.6 1.9
100.0 1.3 1.9 2.3 1.9 2.2 2.4 2.2 2.0 2.0 1.7 1.9
100.0 1.1 2.2 2.8 2.1 2.7 2.8 2.7 2.3 2.3 2.0 2.3
100.0 9.7 2.6 3.4 2.1 2.9 3.2 3.2 3.1 2.6 2.2 3.3
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Table A31: Imp4: Scale invariance check: u > o

year 1989 1992 1995 1998 2001 2004 2007 2010 2013 2016 2019
cut

91.000 -0.36  -0.56 -0.10 -0.50 -0.35 -0.32 -1.32 -1.29  -0.91 -0.64 -1.89
92.000 -0.46  -0.84 0.02 -0.85 -0.57 -0.46 -1.65 -1.35 -1.13 -1.19 -1.87
93.000 -0.39  -0.80 0.01 -1.07 -0.64 -0.58 -2.47 -1.28  -1.33 -1.44 -2.34
94.000 -0.60  -0.66 -0.18 -1.37 -1.00 -1.05 -2.71 -1.30  -1.63 -1.24 -2.86
95.000 -0.80 -0.81 0.11 -1.21  -1.41 -1.24 -2.12 -1.94  -1.80 -1.58 -3.25
96.000 -0.26 -1.71 0.03 -1.83 -2.72 -2.08 -2.61 -2.39  -2.46 -3.06 -4.29
97.000 -0.88  -1.41 -0.43 -2.62 -4.42 -4.23 -3.20 -3.53  -2.45 -4.88 -1.81
98.000 -0.58  -1.14 -1.22 424  -3.65 -6.79 -3.89 -1.33  -3.07 -3.71 -1.95
98.500 -1.58  -1.76 -2.00 -2.24 -5.16 -3.93 -1.32 -3.12  -1.58 -1.32 -3.49
99.000 -0.46  -0.06 -3.30 -0.36  -0.96 -2.49 1.92 -2.80 0.27 1.16 -2.05
99.100 -0.86  -0.48 -3.86  0.04 -2.67 -0.90 3.19 -1.76 -1.02 -0.72 -0.66
99.300 -5.72 0.36 -4.15  -0.34  -2.96 1.17 1.78 -0.54 0.12 -2.31 -2.22
99.600 -2.97 2.53 -3.91 1.11 1.78 0.07 0.54 2.14 3.58 1.38 -1.97
99.900 -0.40  -0.88 -6.63  0.53 6.79 9.91 -3.40 13.06 -5.75  21.89 -0.93
99.930 12.71 -13.86 2.15 -1.86 3.89  -27.17  -10.23 5.35 0.28 -30.90 -38.76
99.960 23.71 1930 -16.43 -0.95 -28.57 -366.26 -38.42 -64.90 -17.44 -93.41 22.65
99.990 12.45 -60.50 -206.85 85.36  35.70 76.91 79.55 5.05 17.83 123.21 -40.64
99.995 127.38 33.86 3.74 59.01 56.96 -194.12 -101.44 155.87 -59.08 3.78 1644.66
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G Implicate 5

Table A32: Imp5: Percentile cutoff values in million USD

year 1989 1992 1995 1998 2001 2004 2007 2010 2013 2016 2019

cut

91.0 0.8 0.7 0.7 0.8 1.2 1.2 1.2 1.3 1.1 14 1.3
92.0 0.9 0.8 0.8 0.9 1.3 14 14 14 1.2 1.6 1.5
93.0 1.0 0.9 0.9 1.0 14 1.5 1.5 1.6 1.4 1.8 1.7
94.0 1.1 1.0 1.0 1.2 1.6 1.7 1.9 1.8 1.7 2.2 2.1
95.0 1.3 1.3 1.1 1.4 1.9 1.9 24 2.1 2.1 2.6 2.6
96.0 1.5 14 1.3 1.7 2.2 2.4 3.0 2.6 2.6 3.1 3.4
97.0 2.0 1.9 1.7 2.0 3.0 3.0 4.0 3.1 3.4 4.0 4.7
98.0 2.6 2.6 2.2 3.1 4.7 4.5 6.0 5.0 4.8 6.3 6.8
98.5 3.4 3.1 2.8 4.1 6.0 6.0 7.5 6.1 6.5 8.5 8.1
99.0 4.7 4.2 4.1 5.9 8.5 8.7 104 8.1 8.6 11.1 11.0
99.1 4.8 4.6 4.5 6.4 8.9 9.5 111 8.5 9.0 114 120
99.3 5.7 5.1 5.7 76 106 109 122 105 11.0 139 136
99.6 8.6 8.2 91 11.0 149 152 173 146 161 205 20.1
99.9 194 19.2 238 252 29.7 342 401 326 340 46.7 44.2
99.9 217 237 288 299 376 376 498 39.0 405 51.0 552
100.0 31.7 327 341 436 469 59.2 653 539 596 745 83.0
100.0 62.1 63.5 823 1114 1183 1283 160.0 119.3 149.8 205.8 173.2
100.0 128.6 106.4 107.8 132.7 165.2 186.7 232.6 229.1 191.8 318.7 260.2
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Table A33: Impb: Estimated o parameters for type II Pareto distribution in 1000 USD

year 1989 1992 1995 1998 2001 2004 2007 2010 2013 2016 2019
cut

91.000 1.1 1.2 0.9 1.0 1.6 1.5 2.6 2.3 2.0 2.3 3.1
92.000 1.2 1.4 0.8 1.2 1.9 1.8 3.2 2.6 2.4 2.8 3.6
93.000 1.4 1.5 0.8 1.5 2.3 2.2 4.2 2.5 2.9 3.6 4.4
94.000 1.8 1.7 0.9 1.7 3.0 2.8 4.5 3.1 3.6 3.5 5.6
95.000 1.9 1.7 1.0 2.1 4.1 3.7 4.9 3.6 4.1 4.3 6.5
96.000 2.6 2.4 1.5 2.7 5.7 4.5 6.3 4.5 5.0 5.8 7.7
97.000 2.9 2.6 1.6 44 8.4 6.8 7.3 6.9 6.3 9.1 8.0
98.000 4.5 3.0 3.2 6.4 8.6 9.4 9.1 6.2 8.7 9.9 7.9
98.500 5.1 4.5 4.9 7.5 11.4 9.4 9.2 7.0 7.5 9.4 11.6
99.000 5.8 4.8 7.6 7.7 10.7 9.9 8.3 9.2 8.5 11.0 13.9
99.100 7.1 4.9 9.7 7.9 12.2 9.3 8.5 11.1 9.4 13.9 13.7
99.300 10.0 7.9 11.6 9.7 12.9 11.8 11.8 10.5 9.3 15.6 20.2
99.600 14.2 6.7 240 13.0 14.6 14.8 13.7 13.8 9.8 174 25.9
99.900 8.2 18.2 223 28.6 273 295 40.6 242 221 18.7 44.9
99.930 21.3 149 24.1 70.0 15.9 93.1 55.1 372 453  56.0 81.8
99.960 38.8 109 83.1 458 51.1 1249 1454 123.2 73.9 140.9 47.0
99.990 -228.9 479 86.5 345 637 945 103.0 2974 41.1 146.8 185.4
99.995 184.0 4275.6 205.2 59.6 108.2 273.0 2296.2 71.8 169.8 278.6 -1394.3
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Table A34: Imp5: Estimated o parameters for type II Pareto distribution

year 1989 1992 1995 1998 2001 2004 2007 2010 2013 2016 2019

cut

91.000 155 163 143 138 155 148 164 1.66 155 145 1.62
92.000 156 169 127 145 159 151 171 168 1.61 154 1.66
93.000 156 170 127 152 1.61 155 182 163 1.66 1.61 1.74
94.000 168 168 126 151 173 164 182 168 1.75 156 1.86
95.000 1.67 162 124 157 1.8 1.72 181 170 1.77 1.57 1.90
96.000 1.79 1.78 136 160 199 175 190 1.77 182 1.67 1.95
97.000 174 173 126 1.82 229 193 190 200 188 1.8 1.85
98.000 192 164 150 194 209 203 190 174 199 179 1.68
98.500 192 182 168 197 227 192 180 1.71 175 164 184
99.000 18 168 188 1.80 199 180 158 174 166 1.56 1.81
99.100 196 164 202 177 208 1.71 155 183 1.70 1.67 1.75
99.300 221 193 208 1.82 202 177 166 170 158 1.66 1.96
99.600 233 155 274 182 18 1.69 152 166 139 1.51 1.89
99900 116 170 181 1.v8 1.71 162 171 146 134 1.09 1.64
99930 158 144 169 266 121 263 181 158 1.66 1.52 2.03
99960 1.88 1.06 286 1.71 1.72 289 277 257 181 202 134
99990 -1.73 120 187 096 143 159 144 265 1.00 133 1.36
99.995 294 3251 242 095 150 240 1435 1.06 1.35 1.41 -2.40
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Table A35: Imp5: Estimated a parameters for type I Pareto distribution

year 1989 1992 1995 1998 2001 2004 2007 2010 2013 2016 2019

cut

91.0 1.5 1.6 1.5 1.5 1.6 1.5 1.5 1.5 1.5 1.4 1.5
92.0 1.6 1.6 1.5 1.5 1.6 1.5 1.5 1.6 1.5 1.4 1.5
93.0 1.6 1.6 1.5 1.5 1.6 1.6 1.6 1.6 1.5 1.5 1.5
94.0 1.6 1.6 1.5 1.5 1.6 1.6 1.6 1.6 1.6 1.5 1.5
95.0 1.6 1.6 1.5 1.5 1.7 1.6 1.6 1.6 1.6 1.5 1.6
96.0 1.6 1.6 1.5 1.5 1.7 1.6 1.7 1.6 1.6 1.5 1.6
97.0 1.7 1.7 1.6 1.6 1.8 1.7 1.7 1.7 1.7 1.6 1.7
98.0 1.7 1.7 1.6 1.7 1.9 1.8 1.8 1.7 1.7 1.6 1.7
98.5 1.7 1.7 1.6 1.7 1.9 1.8 1.8 1.7 1.7 1.6 1.7
99.0 1.8 1.7 1.7 1.8 2.0 1.9 1.8 1.8 1.8 1.6 1.8
99.1 1.8 1.8 1.8 1.8 2.0 1.9 1.8 1.8 1.8 1.6 1.8
99.3 1.8 1.8 1.8 1.8 2.0 1.9 1.8 1.8 1.8 1.7 1.8
99.6 1.8 1.8 2.0 1.8 2.0 1.9 1.9 1.8 1.8 1.7 1.8
99.9 1.8 1.9 2.2 1.9 2.1 2.1 2.1 1.9 1.9 1.6 1.9
99.9 1.8 1.9 2.2 1.9 2.1 2.1 2.2 1.9 1.9 1.6 1.9
100.0 1.8 1.9 2.2 2.0 2.2 2.3 2.3 2.0 2.1 1.8 2.0
100.0 2.1 2.1 2.7 2.2 2.8 2.7 3.0 2.3 2.4 2.0 2.3
100.0 4.1 2.6 2.9 2.2 3.0 3.4 3.6 2.9 2.5 2.2 3.2
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Table A36: Imp5: Scale invariance check: u > o

year 1989 1992 1995 1998 2001 2004 2007 2010 2013 2016 2019
cut

91.000 -0.37 -0.50 -0.18 -0.16 -045 -0.31 -1.39 -1.02 -0.92  -0.82 -1.78
92.000 -0.38 -0.65 0.03 -0.33 -0.64 -0.43 -1.81 -1.16 -1.20 -1.21 -2.12
93.000 -0.39 -0.68 0.03 -0.53 -0.83 -0.67 -2.68 -0.87 -1.43  -1.81 -2.67
94.000 -0.67 -0.61 0.06 -0.54 -142 -1.18 -2.65 -1.24 -1.93  -1.34 -3.54
95.000 -0.65 -0.44 0.11  -0.73 -2.21 -1.76 -2.58 -1.43 -2.01  -1.67 -3.91
96.000 -1.03 -097 -0.19 -1.03 -3.43 -2.10 -3.33 -1.98 -243  -2.70 -4.38
97.000 -0.89 -0.77 0.13 -243 -543 -3.81 -3.31 -3.77 -2.91  -5.08 -3.32
98.000 -1.82 -0.46  -1.03 -3.29 -3.94 -4.92 -3.09 -1.21 -3.84  -3.60 -1.12
98.500 -1.69 -1.47  -2.05 -3.44 -542 -3.45 -1.64 -0.89 -0.94  -0.90 -3.52
99.000 -1.18 -0.56 -3.50 -1.85 -2.25 -1.24 2.05 -1.09 0.18 0.07 -2.93
99.100 -2.37 -0.22 518 -1.54 -3.27 0.19 2.62 -2.56 -0.45  -2.48 -1.66
99.300 -4.30 -2.86  -5.95 -2.12 -2.32 -0.88 0.40 -0.00 1.63 -1.72 -6.65
99.600 -5.52 1.51 -14.86 -1.98 0.29 0.39 3.52 0.79 6.30 3.17 -5.80
99.900 11.17 1.00 1.46 -3.41 2.40 4.72 -0.55 8.39 11.81  27.99 -0.74
99.930 0.41 8.80 477 -40.17 21.67 -55.54 -5.30 1.72 -4.80  -5.09 -26.67

99.960  -7.11 21.78 -49.05 -2.17 -4.23 -65.73 -80.06  -69.31 -14.30 -66.34 35.98
99.990 291.09 1559  -4.19 76.95 54.54 33.74 56.94 -178.09 108.72 58.98  -12.21
99.995 -55.45 -4169.22 -97.40 73.04 57.08 -86.32 -2063.60 157.32 21.99 40.15 1654.46
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