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Abstract

Many empirical studies document power law behavior in size distribu-
tions of economic interest such as cities, firms, income, and wealth. One
mechanism for generating such behavior combines independent and iden-
tically distributed Gaussian additive shocks to log-size with a geometric
age distribution. We generalize this mechanism by allowing the shocks
to be non-Gaussian (but light-tailed) and dependent upon a Markov state
variable. Our main results provide sharp bounds on tail probabilities and
simple formulas for Pareto exponents. We present two applications: (i) we
show that the tails of the wealth distribution in a heterogeneous-agent dy-
namic general equilibrium model with idiosyncratic endowment risk decay
exponentially, unlike models with investment risk where the tails may be
Paretian, and (ii) we show that a random growth model for the population
dynamics of Japanese prefectures is consistent with the observed Pareto
exponent but only after allowing for Markovian dynamics.
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1 Introduction

In this paper we are concerned with the tail behavior of geometric sums of the

form

T
Wr=>_ X, (1.1)
t=1
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where {X;};°, is a sequence of random innovations and 7" is a geometrically dis-
tributed random variable. The innovations {X;},”, may depend contemporane-
ously on a time-homogeneous Markov state variable (i.e., X; is a “hidden Markov
process”; see Definition 3.1 below). We may view Wy in (1.1) as a geometrically
stopped random walk with possibly serially dependent innovations. The main re-
sult of our paper shows that under quite general conditions the distribution of Wr
has exponential tails. Further, we provide a simple formula characterizing the tail
decay rates. For instance, when {X;},°, is independent and identically distributed

(iild) and T has mean 1/p, the upper tail exponent a of Wr solves the equation

E[e**] = T (1.2)
In more general settings, the left-hand side of (1.2) is replaced with the spectral
radius of a matrix determined by the law of the innovations conditional on the
state variable and its transition probabilities; see equation (3.2) below.

Our problem is motivated by the observed characteristics of size distributions
in economics and other fields, where variables of interest are often known to exhibit
power law behavior in the upper tail.! A variety of explanations for the emergence
of these power laws have been proposed in the economics literature. One particular
mechanism for generating power laws proposed by Reed (2001), and to some extent
anticipated by Wold and Whittle (1957) and Simon and Bonini (1958), combines
two main ingredients: Gibrat’s law of proportional growth (Gibrat, 1931) and an

2 Suppose that the size S; of an individual unit at

exponential age distribution.
age t > 0 follows a geometric Brownian motion initialized at some fixed Sy, so
that

dSt = ,USt dt + O'St dBt, (13)

where B, is a standard Brownian motion and p and ¢ are the drift and volatility
parameters. If the distribution of the age T of a unit randomly selected at a
given point in time is exponential with parameter n > 0, so that it has probability
density function (pdf) fr(t) = ne " for t > 0, then the size of a randomly selected

unit is given by S7, our geometric Brownian motion evaluated at an exponentially

!Such variables include city sizes (Gabaix, 1999; Reed, 2002; Giesen et al., 2010), firm
sizes (Axtell, 2001; Luttmer, 2007), and household income (Pareto, 1896; Reed, 2003;
Reed and Jorgensen, 2004; Toda, 2011, 2012), consumption (Toda and Walsh, 2015; Toda,
2017b), and wealth (Klass et al., 2006; Vermeulen, 2017).

2There is a large empirical literature documenting that Gibrat’s law of proportional growth
is a good first approximation; see Sutton (1997) and the references therein. The exponential
age distribution has drawn much less attention but there is some evidence both for firms (Coad,
2010) and cities (Giesen and Suedekum, 2014).



distributed time. Reed (2001) showed that the pdf of this quantity is given by

Fo(s) = %Sgﬁsﬁ_l for 0 < s < S
(s) =

ﬁBBSgs*O‘*1 for Sp < s < o0,

where ( = a, —f are the positive and negative roots of the quadratic equation

o? o2 ‘
—C+(p——5)C¢—n=07 (1.4)
2 2
He dubbed this distribution the double Pareto distribution. Reed’s mechanism is
notable in that it generates power law behavior in not only the upper tail of a

distribution, but also the lower tail: we have

ETIO% As*P(Sp >s)=1 and 153 BsPP(Sr < s) =1 (1.5)
for some positive constants A and B. This is the case even though the distribution
of a geometric Brownian motion evaluated at a fixed point in time is lognormal and
therefore has tails decaying more rapidly than a power law. Reed’s mechanism
has recently been applied in economics to characterize the tail behavior of size
distributions in heterogeneous-agent models in continuous-time with Brownian
shocks.*

Does Reed’s mechanism also generate power law tails when applied to more
general stochastic processes? Given that power law distributions are empirically
so common, and that realistic alternatives to Brownian motion may involve non-
Gaussian, non-independent increments, it is natural to conjecture that more gen-
eral random growth processes with geometric age distributions give rise to power
law tails, or exponential tails after taking the logarithm. Some affirmative re-
sults in this direction are available in the physics literature for the geometric sum
(1.1) in the special case where {X;},2, is iid. Manrubia and Zanette (1999) give
a heuristic derivation of (1.2), which corresponds to equation (10) in their paper,
and provide supporting evidence from numerical simulations. Reed and Hughes
(2002) observe that the tails of their “killed discrete multiplicative process” are

characterized by (1.2). In the economics literature, (1.2) appears in Proposition 5

3Note that assuming ;¢ > 0 and letting o — 0, we obtain a = %, which is exactly the result
of Wold and Whittle (1957). (Their paper contains a typographical error in the formula for «
on the first page, in which the numerator and the denominator are flipped.)

4See, for example, Toda (2014), Toda and Walsh (2015, 2017), Arkolakis (2016),
Benhabib et al. (2016), and Gabaix et al. (2016).



of Nirei and Aoki (2016), who appeal to Manrubia and Zanette (1999) to charac-
terize the tail exponent of the wealth distribution in a heterogeneous-agent model
with iid shocks.

The main results of our paper, Theorems 3.1-3.4 below, provide a formal jus-
tification for the formula (1.2) in the iid case and extend it to a wider class of
processes. The key to proving them is a Tauberian theorem due to Nakagawa
(2007),”> which we discuss in Section 2 and Appendix A. Nakagawa’s theorem pro-
vides sharp bounds on the tail probabilities of a random variable whose Laplace
transform has a pole at its abscissa of convergence. In the case of a simple pole,
which is the relevant one for our purposes, those bounds depend on the residue of
the pole and the distance to other singularities along the axis of convergence. To
obtain the residue in the non-iid case, we rely on the Perron-Frobenius theory of
nonnegative irreducible matrices (Appendix B) and some results on simple poles
of matrix pencil inverses (Appendix C). When the distribution of X; conditional
on the current Markov state is not concentrated on an evenly spaced grid, S = e"V7
has Pareto tails as in (1.5). Without this condition, the limits in (1.5) may not
exist, but we have sharp bounds for the corresponding limits superior and inferior.
Those bounds imply (Remark 2.3) that the tail probabilities satisfy

lim logP(S > s) o and  lim logP(S < s)

stoo log s 510 log s

:/87

which is a weaker property than (1.5). In Theorem 3.5, we derive comparative
statics for the Pareto exponent with respect to perturbations in lifespan, growth,
volatility, and persistence.

As one application of our results, in Section 4 we characterize the tail behav-
ior of the wealth distributions in heterogeneous-agent macroeconomic models. We
consider two cases, economies with idiosyncratic endowment and investment risks,
both with Markovian shocks. In the former case, we prove that the wealth distribu-
tion has exponential tails, which are thin. This theoretical result explains the nu-
merical findings in the literature that the so-called Bewley (1983)-Huggett (1993)-
Aiyagari (1994) models with labor income risk alone have difficulty in matching
the (empirically fat) upper tail of the wealth distribution (see Benhabib et al.,

®Reed and Hughes (2003, p. 588) suggested that Tauberian theorems may be useful to char-
acterize tail probabilities in the related class of Galton-Watson branching processes. The Online
Appendix of Gabaix et al. (2016) appeals to a Tauberian theorem of Mimica (2016, Corollary
1.4), slightly more general than a result of Nakagawa (2007, Theorem 3), to characterize the
tail decay rate of the wealth distribution. We appeal to a sharper result (Theorem 2.1 below)
essentially obtained by Nakagawa (2007, Theorem 5%).



2017, for an excellent discussion of this issue). The latter case with idiosyncratic
investment risk has already be known to generate Pareto tails under specific con-
ditions (typically iid Gaussian shocks). We extend those results by permitting
non-Gaussian shocks dependent on a Markov state variable and thus considerably
expand the toolkit for applied economists.

As a second application of our results, in Section 5 we ask whether the his-
torical population dynamics of Japanese prefectures are consistent with a Pareto
cross-sectional size distribution. Using the population of 46 Japanese prefectures
(excluding Okinawa) since 1873, we document that the power law emerged only
around 1920 and the Pareto exponent has decreased over the century from about
3 in 1920 to about 1.3 in 2015 (except for a brief break during World War II).
We fit a random growth model to the panel of prefecture populations. Using an
iid random growth model, the implied Pareto exponent is 56.7, which is far larger
than the value directly estimated from the cross-section (1.3). However, we show
that by estimating a Markov switching model with three states, the implied Pareto
exponent becomes 1.6, which is close to what we see in the data. This shows that
incorporating Markovian dynamics into random growth models can be crucial for
explaining tail exponents observed in data. Our theorems provide a technical tool

to study such models.

1.1 Related literature

Important early contributions on generative mechanisms for power laws were made
by Champernowne (1953), who proposed a model of income dynamics in which
a power law emerges as a steady state equilibrium. Wold and Whittle (1957)
found that a constant growth rate of wealth together with an exponential age
distribution generates a Pareto upper tail, which anticipates the mechanism of
Reed (2001). Simon and Bonini (1958) observed that Gibrat’s law in combination
with exponential growth in the number of firms could lead to a power law in
the upper tail of the firm size distribution. Kesten (1973) studied the random
difference equation X; = A; X, 1 + B; and showed that the stationary distribution

exhibits a power law tail.®

6da Saporta (2005), Roitershtein (2007), and others have extended the Kesten (1973) result
to Markovian environments using renewal theory. Our results are different primarily because
(i) growth is proportional (B, = 0), consistent with Gibrat’s law, and (ii) we study the tails
of a geometrically stopped nonstationary process, not the tails of the invariant distribution
of a stationary (Kesten) process. Furthermore, our results are more generally applicable in
economics because proportional growth arises in a wide variety of dynamic models, whereas the
Kesten process is more rare.



More recently, a paper by Gabaix (1999) providing an explanation for Zipf’s law
in city sizes sparked renewed interest in power laws amongst economists. Gabaix
showed that augmenting the geometric Brownian motion law for city size evolution
with a lower reflecting boundary generates a power law exponent slightly above one
in the upper tail of the city size distribution, consistent with Zipf’s law. Note that
this generative mechanism is distinct from that of Reed (2001). Survey papers by
Gabaix (2009, 2016) discuss much of the subsequent economics literature. Another
survey paper by Mitzenmacher (2004) discusses generative mechanisms for power
laws proposed across a wider range of disciplines, including biology, computer
science, networks, and physics. A more recent survey by Benhabib and Bisin
(2017) focuses on the wealth distribution.

Given the long tradition of random growth models, a little historical digression
may be justified. By the early 20th century, it was recognized as a puzzle amongst
statisticians that variables of empirical interest that were considered to be accumu-
lating numerous small independent shocks frequently exhibited skewness or excess
kurtosis, despite the central limit theorem. A simple explanation was suggested
by Kapteyn (1903): if small shocks accumulate to a function F'(x) of a quantity
of interest x, rather than x itself, then one can generate skewed distributions by
applying the change of variable formula to the normal distribution. Gibrat (1931,
ch. 5) applied this argument to F'(x) = logx and arrived at his celebrated “la loi
de l'effect proportionnel” (the law of proportional effect). In Chapter 6, Gibrat
elaborates further in the context of the firm size distribution and mentions that
necessary and sufficient conditions for obtaining “formula A” (which is essentially

the lognormal distribution) are:

(i) “Les causes de fluctuation du personnel sont nombreuses” (there is a large

number of shocks to the fluctuation of employees),

(ii) “Leur effet relatif sur le nombre d’ouvriers (ou leur effet absolut sur le loga-
rithme), ne dépend pas de ce nombre d’ouvriers.” (the relative effect on the
number of workers (or the absolute effect on the logarithm) does not depend

on the number of workers),

(iii) “L’effet de chaque cause de fluctuation est petit vis-a-vis de l'effet de toutes”

(the effect of each shock is small relative to the total effect).

Essentially, he is applying the central limit theorem to the shocks to the logarithm

of the firm size measured by the number of employees (and cites Lindeberg, 1922,



for a justification).”

Gibrat’s argument has one pitfall, as pointed out by Kalecki (1945): with a ran-
dom growth model with infinitely lived agents, the cross-sectional distribution is
approximately lognormal but the log mean and variance increase linearly overtime,
and hence a stationary distribution does not exist. One of the very first solutions
to this problem was to introduce birth and death. In particular, Rutherford (1955)
assumes an exponential age distribution. Since the income shocks are Gaussian
in his model, it is a discrete-time version of the model of Reed (2001). However,
Rutherford (1955) did not characterize the tail behavior; for this we had to wait
until Wold and Whittle (1957) and Reed (2001).

2 Exponential tails via the Laplace transform

Theorems that allow us to deduce limit properties of a probability distribution or
other function from limit properties of its Laplace transform are called Tauberian
theorems. In this section we state a version of a Tauberian theorem of Nakagawa
(2007), which will be used to prove our main results on the tail probabilities of
geometric sums of hidden Markov processes. First we briefly review the Laplace
transform. For more details see Widder (1941) and Lukacs (1970, ch. 7).

Given a cumulative distribution function (cdf) F, let

M(s) = /w e dF(z) € RU {00}
be its moment generating function (mgf). Since e** is convex in s, the domain
Z={seR:M(s)< oo} is convex, and hence an interval. Clearly 0 € Z, so there
exist boundary points —3 < 0 < « of Z (which may be 0 or +o00). The numbers
a, — (3 are called the right and left abscissae of convergence.

We obtain the Laplace transform of F' by extending the domain of M into the
complex plane. Suppose that —f3 < a and let z = s+ it € C. By the definition of
the Lebesgue-Stieltjes integral,

M(z) = /OO e dF (x) (2.1)

—00

"Note that nowhere in Gibrat’s original argument is the assumption of Gaussian shocks. Using
the geometric Brownian motion to represent a random growth process is merely a mathematical
convenience, which may not be supported empirically. For example, Arata (2015, ch. 2) provides
evidence that the changes in log firm size are not Gaussian and argues that the more general
class of Lévy processes may be empirically preferable. However, such processes were introduced
by Lévy (1937) subsequent to the publication of Gibrat (1931).



exists if and only if

/OO |e**| dF () = /OO }e(””)x’ dF(z) = /OO e dF (z) = M(s) < oc.
Therefore by the definition of v, —f3, the value M(z) is well-defined for z € C with
Rez e Z. Let S = {z € C: - <Rez < a}. Using the dominated convergence
theorem, it is easy to see that M (z) is holomorphic on &, which is called the strip
of holomorphicity (Figure 2.1). The lines Re z = o, — 8 comprising the boundary
of § are called the right and left axes of convergence. In this paper we refer to
(2.1) as the (two-sided) Laplace transform of F', or of any real random variable X

with cdf F'. We also use “Laplace transform” and “moment generating function”

interchangeably:.
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Figure 2.1: Region of convergence of the Laplace transform M(z) = [ e dF(x).

There is a close relationship between the tail probabilities of a cdf and the

abscissae of convergence of its Laplace transform. In general, we have

lim sup = logP(X > z) = —a, limsup ! logP(X < —x) = —p8 (2.2)
z—c0 T z—o00 L
whenever the relevant abscissa is nonzero (Widder, 1941, pp. 42-43, 241; Lukacs,
1970, p. 194). Moreover, each abscissa is a singularity of the Laplace transform
(Widder, 1941, p. 58). A Tauberian theorem of Nakagawa (2007) establishes a
tighter relationship between the abscissae of convergence and the tail probabilities
that depends on the nature of the singularities at the abscissae: if either singularity
is a pole then the relevant limit superior in (2.2) may be replaced with an ordinary

limit. In addition, bounds for the limits superior and inferior of e**P(X > x) and

8



e’*P(X < —z) become available which depend upon the order of the poles at the
abscissae, the leading Laurent coefficients, and the location of other singularities
along the axes of convergence. For our purposes, it will be enough to consider the
case where the singularities at the abscissae are simple poles. The following result
is similar to Theorem 5* of Nakagawa (2007), specialized to the case of a simple

pole. We provide a proof in Appendix A (see Remark 2.5 below).

Theorem 2.1. Let X be a real random variable and M(z) = E[e**] its Laplace
transform, with right abscissa of convergence a satisfying 0 < a < o0, and strip
of holomorphicity S. Fiz A > 0, and let B be the supremum of all b > 0 such that
the function M(z) + A(z — a)™! can be continuously extended from S to the set

SF=8U{zeC:z=a+it]t| <b}. (2.3)
Suppose that B > 0. Then we have

21A/B 21A/B
mA/ < liminf e P(X > z) < limsup e™P(X > z) < mA/

e2ma/B _ 1 00 P — 1 — e 2ma/B’

(2.4)

where the bounds should be read as A/« if B = co. These bounds are sharp.

Remark 2.1. Applying Theorem 2.1 to the random variable —X can yield bounds
analogous to (2.4) for the lower tail probabilities. Specifically, given A > 0, if the
left abscissa —f satisfies —oo < —f < 0 and B is the supremum of all b > 0 such
that M(z) — A(z + 8)~! can be continuously extended from S to the set

S, =SU{zeC:z=-F+1it,|t| < b},
then, if B > 0, we have the bounds

2rA/B 2rA/B
oy < hgg}fe P(X < —2) < IIZILSOI.}pe P(X < —2) < T o 2n3/B"
Remark 2.2. To see why the bounds in (2.4) are sharp, let X be a geometrically
distributed random variable with mean 1/p € (0,00). The Laplace transform of
X is given by

z

M(z) = E[eX] =) " p(1—p)" e = ﬁ

on its strip of holomorphicity S. The zeros of the denominator 1—(1—p)e* are 2z =

a+ 2mik, k € Z, where a = —log(1 — p) > 0. The right abscissa of convergence

9



is therefore o and the strip of holomorphicity is S = {z € C: Rez < a}. The
zeros z, are singularities of M(z) lying along its axis of convergence Re z = a. By

I’Hopital’s rule we have

. pe® + (2 —a)pe? p
— = = —lim = — ,
z—a ]l — (1 — p)ez z—ro (1 — p)ez 1—p

which shows that the singularity at « is a simple pole with residue —p/(1 — p).
The singularities along the axis of convergence are separated by gaps of 27, so
the assumptions of Theorem 2.1 are satisfied with A = p/(1 —p) and B = 27, and
thus (2.4) holds with the lower and upper bounds

2rA/B 2rA/B 1

e2ra/B _ | o 1 — e—2ma/B o 1 —p

On the other hand, if n <z < n + 1 for some n € N, then

[e.9]

PX>z)= Y pl-pf'=1-p"=(1-p)

by direct computation. Therefore
¢P(X > ) = (1-p) "P(X >2)=(1-p)*,
which oscillates between 1 and 1/(1 — p) as * — oo. The bounds in (2.4) are

therefore sharp.

Remark 2.3. When the bounds in (2.4) are satisfied, for any € > 0 there exists

Ty < 0o such that

27rA/B < P(X > 4) < 2nA/B

e2ma/B _ | 1 — e—2ma/B te

for all # > zy. Taking logarithms, dividing by z, and letting x — oo, we obtain

1
lim —logP(X > z) = —q, (2.5)

T—00 I
which improves upon the characterization of right tail probabilities in (2.2).

Remark 2.4. In the case B = oo, which corresponds to the simple pole at «

being the unique singularity on the axis of convergence, we may rewrite (2.4) as

A
lim s“P(S > s) = —, (2.6)

5—00 (8

10



where S = e*. In this sense, the right tail probabilities of S are Paretian. Property
(2.6) implies regular variation of the right tail probabilities of S with index —a,
under which s*P(S > s) is required to be slowly varying at infinity. Property
(2.6) also implies (2.5), which will be satisfied for any B > 0. On the other hand,
(2.5) does not imply (2.6). For instance, if X is a geometric random variable as
in Remark 2.2, then (2.5) holds but (2.6) fails to hold because

1 =liminf s*P(S > s) < limsup s*P(S > s5) = ——.

5500 s—00 I—p
Remark 2.5. Aside from the fact that it deals only with nonnegative random
variables (which is unimportant), Theorem 5* of Nakagawa (2007) is more general
than Theorem 2.1 above, as it provides bounds on tail probabilities that apply
when the pole at the right abscissa of convergence is of arbitrary order. This
additional generality makes the proof quite complicated—and in fact it is given
in detail only for the case of a second order pole. For the reader’s convenience, in
Appendix A we provide a simpler proof of Theorem 2.1 that applies in our more
restrictive setting. Following Nakagawa, we draw on a technique introduced by
Graham and Vaaler (1981) to prove a refinement of the Wiener-Ikehara Tauberian
theorem, a helpful account of which may be found in the monograph of Korevaar
(2004, ch. 5). Theorem 2.1 is in fact very similar to the Tauberian theorem proved
by Graham and Vaaler (1981), with the only real difference being that it concerns

exponentially decaying tail probabilities rather than exponential growth.

3 Main results

3.1 Tail behavior of geometric sums

In this section we characterize the tail behavior of the geometric sum (1.1) when
{X:},2, is a hidden Markov process.

Definition 3.1 (Hidden Markov process). A sequence of real-valued random
variables {X,;}°, is called a hidden Markov process if there exists a natural
number N, a time-homogeneous Markov process {J:};-, taking values in N' =

{1,...,N}, and an iid sequence of R"-valued random variables {Y;};~, (where
Y; = (Yit,...,Yne) ") such that X; =Y}, , for all t € N.

Example 3.1. If {X;},° is iid then it is a hidden Markov process with N = 1.

11



Example 3.2. If {X;}°, is a finite-state time-homogeneous Markov chain tak-
ing the values zq,...,xy then it is a hidden Markov process: just set Y; =

(z1,...,7x)" (a constant vector).

Throughout this section, let {X;};-, be a hidden Markov process with the
underlying states denoted by {.J;},-,. Let II = (m,,/) be the transition probability
matrix, where m,,, = P(J; = n' | Jy = n). We assume that II is irreducible.
Define the set

I={seR:(VneN)E [ |J =n]| <oo}, (3.1)

and for s € Z, let D(s) be the N x N diagonal matrix with n-th diagonal entry
equal to E [eSXl } J, = n] Let W, be the cumulative sum of X;, so W, = 0 and
W, = W,_1 + X, for t € N. Finally, let T" be a geometrically distributed random
variable with mean 1/p and independent of the X, J processes.

The following theorem is our main result. It shows that under empirically
plausible conditions the geometric sum W has exponential tails, and characterizes
their decay rates in terms of II, D and p. That characterization is illustrated in

Figure 3.1. For a square matrix A, we let p(A) denote the spectral radius of A.

Theorem 3.1. The set Z is convex and contains zero. There can be at most one

positive value of s € L that solves the equation

p(ID(s)) = 1. (3.2)

Suppose that a positive solution « to (3.2) exists in the interior of Z. Then

1
lim —logP(Wr > w) = —a. (3.3)

w—0o0 W

Similarly, there can be at most one negative value of s € I that solves equation

(3.2). Suppose that a negative solution —f exists in the interior of Z. Then

lim 1 logP(Wr < —w) = —0. (3.4)

w—o00 W

Proof. We divide our proof into five steps, stated in italics as claims to be proved.

Step 1. The spectral radius p(ILD(s)) is convex in s € Z. The number « in the

statement of Theorem 3.1, if it exists, is unique.

12



p(ILD(s))

|
!
a s

— @ - — - — - -

=h

Left endpoint of 7 Right endpoint of Z

Figure 3.1: Determination of o and 5.

For each n € N define Z, = {s eR:E [esxl } Jy = n] < oo} Applying

Holder’s inequality, we obtain

E [e((179)81+952)X1 } Jl — n]

< (B[ | g =n]) " (E [ | ) =n]) <00 (3.5)

for all 6 € (0,1), all s1,s2 € Z,, and all n € N. This shows that each Z, is convex
and contains zero, implying that Z = (1), ., Z, is convex and contains zero. It
also shows that each diagonal entry of the matrix D(s) is a log-convex function of
s € T. Letting ® denote the Hadamard (entry-wise) product, collecting (3.5) into

a matrix we obtain
IID((1 — 0)s1 + 0s3) < TID(s51) 9 D(s55)® = (IID (1)) 9 © (LD (s5)) @

entry-wise for all # € (0,1) and all s1,s5 € Z, where for a nonnegative matrix

A = (@) we define A®) = (a’, ). By Propositions B.2(ii) and B.1, we obtain

p(ILD((1 — B)s1 + 0s2)) < p ((LLD(s1))"? © (ILD(s2))”)
< p(IID(s1))" = p(TID(s2))",

which shows that p(I1D(s)) is log-convex (and hence convex).

To show the uniqueness of «, suppose on the contrary that there are two
numbers 0 < ay < ap such that A(s) = p(ILD(s)) equals 1/(1 — p) for s = ay, as.
Let 0 = ay/as € (0,1). Since A(0) = p(IID(0)) = p(II) = 1 (a nonnegative matrix

whose rows sum to one has spectral radius one—see e.g. Horn and Johnson, 1985,

13



p. 547) and 1 < 1/(1 — p), it follows from the convexity of A that

1
T = Maw) = Mbas + (1= 6)0)

0 1

which is a contradiction.

Define the strip S = {2 € C: Rez € Z} (Figure 3.2). For each z € S and
n € N we have E Hele‘ ‘ J1 = n} =E [e(Rez)Xl ‘ J1 = n} < 00, and may therefore
extend the domain of definition of D(s) from Z to S by letting D(z) be the N x N
diagonal matrix with n-th diagonal entry equal to E [ele ‘ Jy = n} , a holomorphic

function of z on the interior of S.

p(I1D(2))

—9) S = Strip of @ Rez
holomorphicity
for D(z)

Figure 3.2: Definition of S.

Step 2. Let e be the N x 1 wvector of ones. Fort € {0} UN and z € S, the
conditional mgf of W, given Jy is given by

E [e?W | Jy = 1]
: = (IID(z))’e. (3.6)
E[e?" | Jy = N|

Consequently, the mgf of Wy is given by E[e®"V'] = w] (IID(2))te for z € S, where
wo 1s the N x 1 vector of probabilities P(Jo =n), n=1,..., N.
Equality (3.6) is trivially true for ¢ = 0 since Wy = 0 by definition. To deal

with the case t > 1 we use the law of iterated expectations and the conditional

independence of W;,; and Jy given J; to write

N
E [ezwt“ ‘ Jo = n} = Z P(Jy=n"| Jy=n)E [eth+1 ‘ J1 = n'] :

n/=1
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Since Jy, Ji, ... is a time-homogeneous Markov chain, the law of W, ; — X7 given
J1 = n’ is the same as the law of W, given Jy = n/. Thus, using the conditional

independence of X; and W;,; — X; given J; we have

E [V | Jy =n] =E [ | Jy = 0] E [V X0 | Jy = n/]
=E [e#1 } Ji =n'] E [ ‘ Jo=n'].

It follows that

N
E [QZWH_I ’ JO = ’I’L] = Z P(Jl = ’I’L/ | JO = TL) E [GZXl } Jl = nl} E [eZWt } JO = ’I’L/j| .
n'=1
If (3.6) is true for some ¢ > 0, this last equation tells us that E [eZWt“ ’ Jo = n]
is equal to the n-th row of IID(z)(IID(z))’e. Thus (3.6) is true for all ¢ > 0 by
induction.
Define the set

T, = {s €T : p(IID(s)) < Tlp}

The set Z, is convex and contains zero, due to the previously established convexity
of p(IID(s)) and the fact that p(ILD(0)) =1 < 1/(1 — p). Define the strip S, =
{z € C:Rez € Z,} (Figure 3.3). Let I be the N x N identity matrix, and for z € S
define the matrix-valued complex function (matrix pencil) A(z) = I—(1—p)IID(z).

p(I1D(2))

£3 Sp = Strip of (o] Re 2
holomorphicity,
for WT

Figure 3.3: Definition of S,.

Step 3. For z € S,, A(z) is invertible and the mgf of Wr is given by
E[e7] = pw, A(2)"'ID(2)e. (3.7)
For z € S, we have p(IID(2)) < p(IID(Rez)) < 1/(1 — p), where the first
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inequality follows from Proposition B.2(ii) and the second from the definition
of 8,. Hence by Proposition B.2(i), (1 — p)* H(HD(Z))'“H decays to zero at an
exponential rate as k — oo for any matrix norm ||-|| and any z € S,. Hence the

geometric series > p- (1 — p)¥(ILD(z))* converges on S,. However,

(I = (1=pIID(2)) Y (1= p)*(ID(2))* = [ = (1 = p)* (LD ()" — 1
k=0

as K — 00, so A(z) =1 — (1 — p)IID(z) is invertible on S, and

o

Az)7 =) (1= p)"(ID(2))"
k=0
Therefore, using the fact that E[e*"'] = w/ (ILD(z))e for = € S and hence for

z € §,, we obtain
E[ezWT] _ Zp<1 _ p)kquT(HD(Z))ke — ponA(z)flﬂD(z)e

for z € S, which is (3.7).

Step 4. Suppose there exists o > 0 in the interior of T such that p(ILD(a)) =
1/(1—=p). Then A(z)~! is well-defined and holomorphic on a punctured neighbor-

hood of the singularity at z = a, which is a simple pole.

Suppose there exists o > 0 in the interior of Z such that p(IID(«)) = 1/(1—p).
By assumption II is nonnegative and irreducible, and D(«) is a diagonal matrix
with positive diagonal elements, so IID(«) is also nonnegative and irreducible.
The Perron-Frobenius theorem (Appendix B) therefore implies that the spectral
radius 1/(1 — p) is an eigenvalue of IID(«), called the Perron root. Let z,y be
the right and left Perron vectors corresponding to the Perron root. Since x,y are
positive, we can normalize them so that the entries of z,y sum to 1.

Since 1/(1—p) is an eigenvalue of I1D(«), we have det A(a) = 0. On the other
hand, since A(%) is invertible for z € S, C S, we have det A(z) # 0 for some z € S.
Moreover, A(z) and det A(z) inherit from D(z) the property of holomorphicity on
the interior of S. Since det A(z) is nonconstant and holomorphic on the interior
of § with a zero at z = «, that zero must be isolated (Ahlfors, 1979, p. 127),
and therefore A(z) is holomorphic on a neighborhood of z = a with an isolated
point of noninvertibility at z = a. Consequently, Proposition C.1 tells us that

the inverse A(z)~! is holomorphic on a punctured neighborhood of the singularity
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at z = «, and that this singularity is a simple pole if and only if the algebraic
and geometric multiplicities of the eigenvalue 1/(1 — p) of [ID(«) are equal. We
know from the Perron-Frobenius theorem that both multiplicities are one; A(z)™*

therefore has a simple pole at z = a.

Step 5. The right-hand side of (3.7) is well-defined and holomorphic on a punc-

tured neighborhood of the singularity at z = «, which is a simple pole.

Proposition C.1 implies that the residue R of the simple pole a of A(z)7! is
given by the N x N matrix

R=zx(y"A(a)x) y" = cay’, (3.8)

where A’(z) is the matrix of derivatives of A(z), =,y are the Perron vectors intro-
duced above, and ¢ = (y' A'(a)z)~! is a nonzero scalar. Since x,y are right and
left eigenvectors of IID(«) with corresponding eigenvalue 1/(1 —p), it follows that
A(a)R = RA(a) = 0.

By assumption a belongs to the interior of S, and we observed earlier that
D(z) is holomorphic on the interior of S, so we may use the right-hand side of
(3.7) to holomorphically extend E[e*"7] to a punctured neighborhood of «, which
is a singularity. Let us show that this singularity is a simple pole by showing that

lgrcly(z — a)pwy A(2)HID(2)e (3.9)
exists and is nonzero. Since A(z)~! has a simple pole at z = o with residue R we
know that

lim(z — a)A(2) "' = R,

zZ—Q
and since D(z) is continuous at z = o we know that lim, ., D(z) = D(«). There-
fore the limit in (3.9) exists and is equal to pw, RIID(a)e. Since RA(a) = 0, we

have

1 1 1
Using (3.8) again, it follows that
1
T T o0 T T
9) = ——Re = = 1
(3.9) pwol_pRe cl_p(wox)(y e) cl_pwox;éo (3.10)

since the entries of y sum to 1, wy > 0, and = > 0.® Therefore our holomorphic

8Given real vectors a = (a,) and b = (b,), we say that a > b if a,, > b,, for all n, that a > b
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extension of E[e?"V7]

has a simple pole at z = a.
The limit (3.3) now follows from Theorem 2.1 and Remark 2.3. A symmetric

argument establishes the analogous result for the lower tail. O

Remark 3.1. Equation (3.2) is the most important equation in our paper. It
provides an implicit characterization of the tail exponents « and /3 in terms of the
parameters 1I, D, and p. In Section 3.3 we use the implicit function theorem to

investigate the response of the tail exponents to perturbations in these parameters.

Remark 3.2. If N =1, so that {X;},°, is iid, then p(ILD(s)) = E[e**!], and the
tail exponents are determined by the equations
1

Ele*®] = ——
6] =

1
and Ele ] = T
—-p

)

whenever such o and/or —/ exist in the interior of Z. This explains (1.2).

Remark 3.3. One of the assumptions of Theorem 3.1 is that there exists a > 0
in the interior of Z such that p(IID(«)) = 1/(1 — p). This assumption may not
always be satisfied. As a counterexample, fix & > 0 and suppose that {X,;};2, is
iid (N = 1) with an mgf M(s) such that M(a) < oo and M(s) = oo for s > a.”
Then the mgf of Wy is infinite for s > « and satisfies

< o0

& » _ pM(s)
E[e ]_;p(l—p)k M(S)k_ 1_(1_p)M<8)

for s € [0,a] if p € (0,1) is sufficiently close to 1 because M(«) < oo. Thus the

right abscissa of convergence of Wy is o and recalling (2.2) we have

1
limsup — log P(Wr > w) = —a,
w

w—r00

but there is no s > 0 that satisfies p(IID(s)) = M(s) = 1/(1 — p), so we may not

appeal to Theorem 3.1 to strengthen the above limit superior to an ordinary limit.

Remark 3.4. A sufficient condition for there to exist a > 0 in the interior of 7
such that p(IID()) = 1/(1 — p) is that (i) E [e** ‘ Ji=n] < oo foralls>0
and all n € N and (ii) m,, > 0 and P(X; > 0 | J; = n) > 0 for some n € N.

To see this, note that under condition (i) the matrix D(s) is well-defined for all

if a > b and a # b, and that a > b if a,, > b, for all n.

90One such example is provided by the density f(z) = 1(x > 1)Cax~""le=** where x,a > 0
and C' > 0 is a number such that [ f(z)dz = 1. The corresponding mgf is finite for s < o and
infinite for s > a.
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s. Let M(s) be a matrix whose n-th diagonal entry is 7, E [esxl } J, = n} for one
n satisfying condition (ii) and 0 for all other entries. Clearly IID(s) > M(s). By

Proposition B.2(ii), we have
0o > p(IID(s)) = p(M(s)) = mpn E [ } Ji=n] — o0

as s — oo by condition (ii), so p(ILD(s)) crosses 1/(1 — p)."? A similar sufficient

condition applies to the lower tail exponent.

Remark 3.5. Theorem 3.1 is somewhat related to the (asymmetric) Laplace dis-
tribution, which is the logarithm of the double Pareto distribution. When {X,}°,
is iid Laplace and T is a geometric random variable with mean 1/p, then the ge-
ometric sum Wy = Zthl X, is also Laplace (Kotz et al., 2001, p. 151). When
{X:}2, is iid with a general distribution with finite variance, then Wy (properly
scaled) weakly converges to the Laplace distribution as p — 0 (Kotz et al., 2001,
pp. 152-155). Toda (2014, Theorem 15) proves the same for the non-iid case
provided that the central limit theorem holds for {X;};° .

Example 3.3 (Gaussian distribution). Consider the geometric Brownian motion
(1.3). Using It6’s lemma, we obtain

2

dlog S, = (u . %) dt + o dB,.
The discrete-time analog of this process is
W, =W, 1+ X, X, ~ildN((u—0?/2)A,02A),

where the choice of A > 0 depends on the unit of time. Suppose that in the
continuous-time model, the age distribution is exponential with parameter . Then
in the discrete-time analog, the birth /death probability is p = 1—e™"*. By Remark
3.2, Wr has exponential tails with exponents ( = «a,—f solving the equation
Ele¢*] = 1/(1 — p). But with X; ~ N((u — 0?/2)A,0?A) this equation can be

rewritten as
(u—0?/2)A(+02A¢%/2 _ nA
e =e7,

which is equivalent to (1.4). Therefore with iid Gaussian shocks, the tail exponents

19T here may not be a such that p(ILD(a)) = 1/(1—p) if condition (ii) fails. A counterexample
is the two-state Markov chain that takes the values £1 with transition probability matrix II =
[(0,1)T,(1,0)T]. Then IID(s) = [(0,e7*)", (e*,0) ], whose spectral radius is identically equal
to 1. In this case Wp € {—1,0,1} (bounded), so it does not have exponential tails.
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are identical in the discrete-time and continuous-time models.

Example 3.4 (Two-state Markov chain). Suppose that {X;}, is a two-state
time-homogeneous Markov chain, as in Example 3.2 with N = 2. This is the
simplest example of a non-iid process satisfying the assumptions of Theorem 3.1.
The cumulated process W, is the “Markov trend in levels” studied by Hamilton
(1989). By the Perron-Frobenius theorem, p(I1D(s)) is the maximum eigenvalue

of IID(s), and so we compute

m1€%%1 mipe’t?
p(ILD(s)) = p <[ oo x])
T21€ Too€
1

=3 <7T1168x1 + mae™? + \/(7T11€‘qml — Tggese2)? 4 47T127T2165(“+$2)) . (3.11)

Setting this quantity equal to 1/(1 — p) and solving for s gives a unique positive
solution « provided that 7, > 0 and z, > 0 for some n € {1,2}, and a unique

negative solution — 3 provided that 7, > 0 and z,, < 0 for some n (Remark 3.4).

3.2 Refinements

In the proof of Theorem 3.1 we applied Theorem 2.1 in conjunction with Remark
2.3 to establish the limits (3.3) and (3.4). By exploiting the sharp bounds in (2.4),
we can improve Theorem 3.1 as follows. (A similar statement holds for the lower

tail, which we omit.)

Theorem 3.2. Let everything be as in Theorem 3.1, and let x,y be the right and
left Perron vectors of I1D(«) whose entries sum to 1. Let z = s + it and suppose
that for some b > 0 the matriz pencil A(z) = I — (1 — p)ILD(z) is invertible on
the azis of convergence Rez = « fort € (—=b,b) except at t = 0. Then

21C' /b e ow , o 27C' /b
Fralh 1 < lh}nllcgfe P(Wr > w) < l1lrfj£pe P(Wr > w) < T o2ralt’
(3.12)
where .
C= P 2 (3.13)

(1—p)2y D (o)
In particular, if z = « is the unique point of noninvertibility of A(z) on the axis

of convergence Re z = «, then

w—00

lim e*“P(Wr > w) = g (3.14)
o'
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Proof. Let I, = {z =a+it:|t| <b}. We showed in the proof of Theorem 3.1
that A(z) is holomorphic on the interior of S with an isolated point of noninvert-
ibility at z = a. If also A(z) is invertible on I, ;\ {a} then we may deduce that
A(z) is holomorphic on an open set containing I,; with a unique point of non-
invertibility at z = a. Therefore, Proposition C.1 implies that A(z)~! and thus
pwy A(2)7MID(z)e are holomorphic on an open set containing I\ {a}. In view
of (3.7) the latter function constitutes a continuous extension of the mgf of Wy
to the union of its strip of holomorphicity and I,;\ {a}; moreover, it was shown
in the proof of Theorem 3.1 that the singularity at « is a simple pole with residue
—C. By applying Theorem 2.1 with A = C' (note that the lower and upper bounds
in (2.4) are increasing and decreasing respectively in B, so that if they are valid
for B > b then they are valid for b) we obtain (3.12).

If z = « is the unique point of noninvertibility of A(z) on the axis Rez = «,
then we can take b arbitrarily large. Letting b — 0o, both sides of (3.12) converge
to C'/a and we obtain (3.14). O

The following theorem characterizes the upper tail behavior of a geometrically
stopped random growth process. It is more generally applicable than (a discrete-
time reformulation of) the main result of Reed (2001) because the growth rate
process is permitted to be non-Gaussian and dependent on a Markov state variable;
on the other hand, we only characterize the upper tail of the stopped process, not

its entire distribution. A similar statement holds for the lower tail, which we omit.

Theorem 3.3. Let everything be as in Theorem 3.1. Let Sy > 0 be a random
variable independent of Wr satifying E[S$T¢] < oo for some € > 0, and define the
random variable S = SpeV7. Then
logP(S >
lim 8P >8) (3.15)
5—00 log s
If in addition z = « is the unique point of noninvertibility of A(z) on the axis of

convergence Re z = «, then

lim s“P(S > s) = gE[Sg], (3.16)

5§—00

where C' 1s defined as in Theorem 3.2.

Proof. Since Sy is independent of Wy, the mgf of log S is the product of the mgfs
of log Sy and Wr. The moment condition E[S§T] < oo ensures that the mgf
of log Sy is holomorphic on the strip 0 < Rez < a + ¢, and clearly it cannot
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have a zero at a. The proof of Theorem 3.1 establishes that the mgf of Wrp
is holomorphic on the strip 0 < Rez < a with a simple pole at a. Therefore
the mgf of log .S is also holomorphic on the strip 0 < Rez < « with a simple
pole at «, and applying Theorem 2.1 in conjunction with Remark 2.3 we find
that lim, ,., x7'logP(log S > x) = —a. The limit (3.15) follows by substituting
x = logs.

If z = «v is the unique point of noninvertibility of A(z) on Rez = « then from
Theorem 3.2 we have lim,_,., s*P(e"7 > s) = C/a. The upper tail of the random
variable €7 is therefore regularly varying with index —a, and so by applying the

well-known lemma of Breiman (1965) we obtain

. a . o - . P(SQQWT > S) C o
J 7P = 5) = (J 7P =) (i TR ) = i)
as claimed. O

Theorem 3.3 provides a stronger characterization of the tail behavior of S when
z = « is the unique point of noninvertibility of A(z) on the axis of convergence
Rez = «a. The following theorem shows that this is the case except when the
support of X; is a subset of an evenly-spaced grid. For a scalar ¢, let ¢Z =

{em : m € Z}, where Z is the set of integers.

Theorem 3.4. Let everything be as in Theorem 5.3. If A(av+1i1) is noninvertible

for some T # 0, then there exist aq,...,an € R such that
27
supp(Xy | J1 =n) Ca, + 7Z

for allm € N, with a, =0 if m,, > 0. Conversely, if
2
supp(X; | J1 =n) C ;Z

for some T # 0 and all n € N, then A(a + i7) is noninvertible.
Proof. We divide our proof into three steps.

Step 1. Let X be a random variable and suppose that |E[e@T™X]| = E[e"X] < oo
for some T > 0. Then supp X C a + (21/7)Z for some a € R. If E[el@TX] =

E[e®X], then we can take a = 0.

Using the triangle inequality, we obtain
E[eaX] _ ‘E[e(aJriT)XH <E He(aJrir)XH — E[eaX].
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Fix any support point a € supp X. Since the triangle inequality holds with equal-
ity, it must be the case that 0 < ele+in)z /elatinia — gle+in)@=a) for a]] & € supp X.
Therefore, for each x € supp X, there exists m € Z such that 7(z — a) = 27wm, so
supp X C a + (27 /7)Z.

If E[e(e+mX] = E[e®X], letting p,, = P(X = a + 27m/7) we obtain

Z pmea(a+27rm/T) — E[eozX] — E[e(a—l—ir)X]

meZ
_ Z pme(a+i7—)(a+27rm/7—) — piTa meea(aﬂr%rm/ﬂ—).
meZ meZ

Therefore ™ = 1, so there exists mg € Z such that a = 27rmg/7. We thus obtain

2T 2T

2
suprCa+—7TZ: (mo+7Z) = —Z.
T T

7
Step 2. If A(a + iT) is noninvertible, then there exist ai,...,axy € R such that
supp(X; | 1 =n) Ca, + (27/7)Z for alln € N, with a,, = 0 if m, > 0.

Without loss of generality we may assume 7 > 0. If A(« + i7) is nonin-
vertible then 1/(1 — p) is an eigenvalue of IID(« + i7). Therefore 1/(1 — p) <
p(D(a +i71)). Since D(« + i7) is a diagonal matrix whose n-th diagonal entry
is E [el@tinX } Ji = n], by the triangle inequality we obtain [D(a + i7)| < D(a)

entry-wise. Since II is a nonnegative matrix, by Proposition B.2(ii) we obtain

1 1
Since all inequalities hold with equality and IID(«) is irreducible, and noting
that 1/(1 — p) is an eigenvalue of IID(« + i7), by Proposition B.2(iii) we have
D(a + i) = OIID ()07, where © = diag(e®1, ..., e") for some 6;,...,0y €
R. Comparing the (m,n)-th entry, we have

T B [e(‘””)Xl ’ J = n] UGN [eO‘X1 } J, = n] (3.17)

for all m,n € N.

Since II is irreducible, for each n € N there exists m € N such that m,,, >
0. Taking the absolute value of (3.17) and dividing by 7, > 0, we obtain
}E [eletin)Xa ‘ J = n” = E [e"X } Ji=n] for all n € N. It now follows from
the previous step that there exist aq,...,ay € R such that supp(X; | J1 =n) C
an + (27/7)Z for all n € N.
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If m,, > 0, setting m = n in (3.17) and dividing by m,, > 0, we obtain
E [e(‘””)Xl ’Jl = n} =E [eaxl ’Jl = n} Hence by the previous step we have
supp(X; | J1 =n) C (27/7)Z, so we can take a,, = 0.

Step 3. If supp(X, | J1 = n) C 2x/7)Z for all n € N, then A(a + i) is

noninvertible.

Fix any n € N and let p,, = P(X; = 27m/7 | J; = n) for m € Z. Then

E [e(aJriT)Xl } J = Zp e(a+z7— 2rm/T __ Zp e27ram/7- _ [ aX1 } J = n] )

meZ meZ

Since n is arbitrary, we have D(« + it) = D(«), and consequently A(a + iT) =
A(a). We know that A(z) is noninvertible at «, so it must also be noninvertible

at a+iT. O

Remark 3.6. The condition supp(X; | J; = n) C (2n/7)Z for all n € N is
sufficient but not necessary for A(a + i7) to be noninvertible. To see this, note
that if supp(X; | J1 =n) C a, + (27/7)Z for all n, then (3.17) (which is sufficient
for noninvertibility) is equivalent to 7,,,e™ = Tne ®m=0) - This equation holds,
for example, if N =2, m1 =90 =0, mp =101 =1, 7 =27, 01 =1, 0, = —1,
a; = —1/7, and ay = 1/7. Then supp(X; | J; =n) C £1/7 + Z.

The following example shows that if A(z) is noninvertible at multiple points on

the axis of convergence Re z = «a, the upper tail of S is not necessarily Paretian.

Example 3.5 (Deterministic growth). Let X; = p > 0, a constant. Wold and Whittle
(1957) used a continuous-time model with deterministic growth and mortality

rates to investigate the tail behavior of wealth distributions. In this case we have
A(z) =1— (1 —p)e**, and the mgf of W = uT is given by

ZWT t 1 /Jth pe“z 3.18
=i~ T (1 po 319
The right abscissa of convergence is o = —log(l — p)/p > 0. Setting the de-

nominator in (3.18) equal to zero, we obtain poles at z = o + 2mwik/u for k € Z.
These poles are the points of noninvertibility of A(z) on the axis of convergence
Rez=oa. Let S=e"7. If t <w/p <t +1, then

P(Wr > w) = P(T > w/p) = (1 —p)! = (1 - p) /.
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Therefore
P(S > s) = P(log S > logs) = P(Wy > logs) = (1 — p)lless)/ul,

Clearly log P(S > s)/logs — log(1 — p)/u = —«a as s — oo, consistent with

Theorem 3.3. However,

s°P(S > s) = Sflog(lfp)/uu _p)t(logS)/uJ = (1-p) L(log 5)/u]—(log )/

oscillates between 1 and 1/(1 — p) as s — 00, so the tail is not Paretian. These
limits are precisely the bounds we obtain in (3.12) by setting C' = p/(u(1 — p))
and b = 27 /L.

3.3 Comparative statics

Theorems 3.1-3.3 show that geometrically stopped random growth processes have
Pareto tails under empirically plausible conditions. Our characterization of the
Pareto exponents is implicit, in the sense that they are given by the positive and
negative solutions to (3.2). It may be desirable to provide an explicit characteri-
zation of how the exponents vary when we perturb the exogenous parameters II,
D, and p. In this section, we derive such comparative statics.

We consider perturbations that involve the stopping probability p, location-
scale transformations of the increments X;, and the overall persistence of the
hidden Markov state J;. We interpret increases (decreases) in p as decreases
(increases) in lifespan. Regarding the location-scale transformations of X, let
Y1, ..., Yy be zero mean random variables and suppose that the distribution of X,
conditional on J; = n is parametrized as u,, +0,Y,, where u,, € R and o,, > 0. Let
p=(p1,...,pn) and o = (o1,...,0n)", and let D(s; u, o) be the N x N diagonal
matrix with n-th diagonal entry equal to E[e*#n+on¥n)]  We interpret increases
(decreases) in p, and o, as increases (decreases) in growth and volatility in state
n. Regarding persistence, given our fixed irreducible transition probability matrix
IT we define II(7) = 71+ (1 —7)II for 7 € [0, 1]. We interpret increases (decreases)
in 7 as increases (decreases) in persistence. Note that since I is irreducible, so is
II(7) for 7 € (0, 1).

The following theorem shows that increasing the lifespan, growth, volatility,
or persistence makes the upper Pareto exponent smaller (the upper tail heavier),
which is intuitive. Its proof is an application of the implicit function theorem.

Analogous results hold for the lower tail.
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Theorem 3.5. Let 0 = (p, p,0,7) € (0,1) x RN x RY, x (0,1) be the parameters
we perturb. Suppose that the conditions of Theorem 3.1 are satisfied for some
parameter value 0°. Then there exists an open neighborhood © of ° and a unique

continuously differentiable function o : © — (0,00) such that

ﬁﬂUﬂD@w%maﬁziég- (3.19)

The partial derivatives of a satisfy the following inequalities at 6°.

(i) Oa/Op > 0: Longer lifespan implies a smaller Pareto exponent.
(i) Oa/Op, < 0: Higher growth implies a smaller Pareto exponent.
(i) da/Do, < 0: Higher volatility implies a smaller Pareto exponent.
(iv) da/OT < 0: Higher persistence implies a smaller Pareto exponent.

Proof. Define F': (0,1) x RY x RY, x (0,1) x (0,00) — R U {oo} by

F(0,s) = p(II(7) D(s; p1, 0)) — e

where the spectral radius is understood to be oo whenever one or more elements of
D(s; j1, 0) are infinite. Since the conditions of Theorem 3.1 are satisfied at the pa-
rameter value 00 = (p°, u°, 0¥, 7°), there exists a® > 0 in the interior of Z such that
F(6°,a") = 0. Let us show that there exists an open neighborhood U of (6%, a)
such that F is finite on U. Clearly F is finite if and only if E[e*(#n+on¥)] < oo for
all n. Since Elestnton¥n)] = estn Eleson¥n] it suffices to show that E[e**"¥"] < oo
if (s,0,) is sufficiently close to (a®,0?). However, this follows trivially from the
definition of Z in (3.1) and the fact that a° lies in the interior of Z.

To prove our claim we apply the implicit function theorem. Proposition B.3
tells us that the spectral radius of a nonnegative irreducible square matrix varies
holomorphically with local perturbations to the elements of that matrix. There-
fore, noting that IT1(7°)D(a? u° ¢°) is nonnegative and irreducible and that the
elements of D(s; u,o) = diag((E[e*#nTonY2)])N_ ) and II(7) are continuously dif-
ferentiable with respect to u, o, 7, s, we find that F' is continuously differentiable
on U. In Step 1 of the proof of Theorem 3.1 we established that p(ILD(s)) is
convex in s. It follows that F(6°, s) is convex in s, and so

P 1 OF

— L 1 — = F(6°,0)— F(6°,a°) > =—(6° a°)(0 — o
0> g =1 g = F(E°.0) — F(°.0) 2 Fo(@. ") (0 — o),
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implying that F/ds > 0 on a neighborhood of (6°, a®). We may therefore apply
the implicit function theorem, which guarantees the existence of an open neigh-
borhood © of §° and a unique continuously differentiable function a : © — (0, 00)

such that (3.19) holds. The partial derivatives of oz on © are then given by

1

Vel) = =55 /as

VT

It remains only to show that the partial derivatives of F' with respect to

D, lin, On, T have the appropriate sign at (6°, o). We consider them in turn.
(i) Noting that 0F/0p = —1/(1 — p)* < 0, we deduce that da/Ip > 0 at 6°.

(ii) F(0,s) depends on p, only through the n-th diagonal element of D(s; u, o),

which we denote by M, (s; itn, 0,,) = E[esn+on¥n)] Since for s > 0 we have

oM,
Optn,

s Blefnton¥n)] 5

M, is increasing in p,. Since by Proposition B.2(ii) the spectral radius of a
nonnegative matrix is increasing in its elements, it follows that 0F/du,, > 0
at (0°,a%). Therefore Oa/Opu,, <0 at 6°.

(iii) Since by assumption Y, has zero mean,

= sE[es(“”+°"Y")Yn]’ = 0.

on=0

aO'n on=0

Since the exponential function is convex, M, is convex in o,. Therefore
oM, /0o, > 0 for s,0, > 0. By the same argument as the previous case, we
have F /0o, > 0 at (0°,a’) and hence da/do,, < 0 at 6°.

(iv) Proposition B.4 guarantees that

oF

0000 = Lol + (- mD)| >0,

87’ 0

implying that da /0T < 0 at 6°. O

Example 3.6 (Two-state Markov chain). Consider the random growth model
where the growth rate process {X;},”, is a two-state Markov chain as in Example
3.4. Let Xy = p, > 01if J; = n, where n = 1,2. One can interpret this model
as the deterministic growth model of Wold and Whittle (1957) except that the

growth rate has two regimes.
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Let n = —log(1—p) be the death rate. Suppose that the transition probability

I(r)y=71+(1-71) [(1] ;] = LiT L=

matrix is

T

and let a(7) be the Pareto exponent corresponding to 7. By Theorem 3.5, a(r)

is decreasing in 7. Using (3.11), we obtain

a(0) == and lima(7)=min i,
H 11 nofhn
where = (p1 + p2)/2.

As a numerical example, suppose that (pq,u2) = (0.03,0.01) and n = 0.04,
so units grow by 3% and 1% in each state and the average life span is about 25
periods. The blue curve in Figure 3.4 shows the Pareto exponent. In this case
@ =0.02,s0 «(0) =n/f=2and o(1l) =n/p =4/3. The red line corresponds to
the case where {X;};°, is iid with X; = u, with probability 1/2. We can see that
the two Pareto exponents are similar when the persistence 7 of the Markov chain
is not so high, say 7 € [0,0.8]. However, increasing 7 beyond 0.8 quickly makes
the Pareto exponent small. In the limit as 7 — 1, the exponent converges to the

case of highest growth max, 1.

2.2

Markov
—iid

1871

16

Pareto exponent

147t

1.2 : : : :
0 0.2 0.4 0.6 0.8 1

persistence

Figure 3.4: Pareto exponent of the two-state random growth model.
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4 Tails of wealth in heterogeneous-agent models

As an application of Theorems 3.1-3.3, in this section we characterize the tails of
the wealth distribution in heterogeneous-agent models with non-Gaussian, Marko-
vian shocks. We consider two cases, models with idiosyncratic endowment and

investment risks. All omitted proofs in this section may be found in Appendix D.

4.1 Wealth distribution in CARA Huggett economies

The first application is to a standard Huggett (1993) economy, where agents are
subject to uninsurable endowment risk and trade a risk-free asset. We present
an analytical solution to this model with Markovian shocks that exploits constant
absolute risk aversion (CARA) preferences. We first consider the single agent
problem (partial equilibrium), which we subsequently embed into a general equi-

librium model.

4.1.1 Single agent problem

Consider an agent with additive CARA utility
Eo Z Bru(cy), (4.1)
t=0

where ¢, € R is consumption at period ¢, the discount factor is § € (0,1), and
the period utility function u(c) = —e™7¢/~ exhibits constant absolute risk aversion
v > 0.'' The agent can borrow or save at an exogenous gross risk-free rate R > 1
and is subject to uninsurable idiosyncratic income risk.'* Letting 3; be the income
at t and w; the financial wealth at the beginning of period ¢ excluding the current

income 7, the budget constraint of the agent is

w1 = R(wy — ¢ + ). (4.2)

1We focus on CARA preferences because they are tractable with additive shocks. For exam-
ple, the income process is iid Gaussian in Calvet (2001), non-Gaussian AR(1) in Wang (2003),
and non-Gaussian VAR(1) in Toda (2017a). Also, since the CARA utility is defined on the entire
real line, as is common with these models we assume that consumption can be negative.

12The assumption R > 1 is without loss of generality: since the expected present value of
future income is infinite when R < 1, without borrowing constraints (as in the current setup)
the income fluctuation problem does not have a solution. In the subsequent general equilibrium
analysis, we prove that a stationary equilibrium with R > 1 always exists.

29



Given the initial wealth wy and the income process {y;},-,, the agent’s objective
is to maximize the utility (4.1) subject to the budget constraint (4.2) for all £ > 0.

Suppose that the income process {yt}fio is a time-homogeneous finite-state
Markov chain. Let s € § = {1,...,5} denote the states, P = (pss) be the
(irreducible) transition probability matrix, and y = (7,)5_; be the vector of in-
comes. By merging redundant states, without loss of generality we may assume
1 < --- < ys. Due to time-homogeneity, the state variables of the utility maxi-
mization problem are the current wealth w = w, and the exogenous state s = s,

so let Vi(w) be the value function in state s. The Bellman equation is
Vs(w) = max{u(c) + BE [Vy(R(w — ¢ +55)) | 5]}, (4.3)

where s’ is next period’s state.
The following proposition characterizes the optimal consumption rule in closed-

form up to a system of S nonlinear equations in .S unknowns.

Proposition 4.1. Suppose that R > 1. Then the utility mazimization problem

has a unique solution. The value function and optimal consumption rule are

1

Vi(w) = ——e awtbs) 4.4
(U}) yae ) ( a)
cs(w) = aw + by, (4.4b)
where a =1 —1/R and b = (by)5_, uniquely solves
b=(1- 1 Y — L log (BRPe*“fb) 13 (4.5)
R YR ' '

4.1.2 General equilibrium and wealth distribution

Next we embed the above single agent problem into the general equilibrium. Con-
sider a Huggett (1993) economy, where there are infinitely many independent
agents receiving income and trading a risk-free asset in zero net supply. We re-
strict the analysis to a stationary equilibrium, where the risk-free rate is constant
over time.

Before formally stating the model, we note that we cannot obtain stationarity
just by replicating agents, and therefore we need to introduce additional assump-

tions. To see this, use the budget constraint (4.2), the consumption rule (4.4b),

13For notational simplicity, we apply functions entry-wise. For example, for b = (bs)le, we
have e ™70 = (e77%:)5_,.

30



and the equation a =1 — 1/R to write
W41 = R(wt - (awt + bSt) + gst) = W + R(gst - bst)' (46)

Since wealth is a random walk in levels, with infinitely lived agents there is no
stationary wealth distribution. In order to obtain a stationary distribution, we
assume that agents enter/exit the economy at constant probability p as in Yaari
(1965) and Blanchard (1985). Because agents survive each period with probability
1 — p, the effective discount factor is 3 = 5(1 — p).

The formal model works as follows. There are countably infinite agents indexed
by ¢ € N. Agent i’s consumption, income, and wealth at time ¢ are denoted by
Cit, Y, and w;. All agents have the same utility function (4.1). When an agent
is born, their initial wealth is 0 and their income is ¥, where the initial state s
is drawn from the stationary distribution 7 = (m,)5_; of the Markov chain with
transition probability matrix P = (pss) independently across agents. By the

strong law of large numbers, the limits of average quantities such as

1 1o 1o
fZCz‘t, fzyit, Yzwit
i=1 i=1 i=1

exist almost surely as I — oo. We refer to such quantities as (per capita) aggregate
consumption, income, and wealth and denote by capital letters C;, Y;, W, etc.

Because agents die with probability p each period, we need to specify what
happens to the risk-free asset position of deceased agents. Suppose that there are
perfectly competitive insurance companies that offer annuities and life insurances.
Let R be the gross risk-free rate and R be the “effective” risk-free rate that agents
face. If an agent saves or borrows 1, the position grows to R next period if the
agent survives, and 0 if he dies (an agent who dies with positive assets surrender
to the insurance company; the debt of an agent who dies with negative assets
is covered by life insurance). Letting A; be aggregate savings, by accounting we
obtain RA; = (1 — p)RA, 4 p0, and thus deduce that R = R/(1 — p).

Now we can formally define the stationary equilibrium.

Definition 4.1 (Stationary equilibrium of CARA Huggett economy). A station-
ary equilibrium of a CARA Huggett economy consists of a gross risk-free rate

R > 0 and a sequence of consumption and wealth {(¢;, wit)ien},—, such that

(i) (Optimization) for all ¢ € N, {(ci, wit)},~, maximizes utility (4.1) subject
to the budget constraint (4.2), where 3, R are replaced with B = B(1 —p)
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and R = R/(1 —p),

(ii) (Market clearing) the risk-free asset market clears, i.e., the aggregate savings

is 0, and
(iii) (Stationarity) all aggregate quantities are constant over time almost surely.

To derive the market clearing condition, let C',WW be aggregate consumption
and wealth in the stationary equilibrium. Since there is no aggregate savings in
a Huggett economy, we have W = 0. Aggregating the optimal consumption rule

4.4b) across agents, the aggregate consumption is
( gents, ggreg p
C=aW+n'b=1"b,

where m = (7,)5_, is the stationary distribution of the Markov chain. Further-
more, aggregate consumption must equal aggregate income, so C' =Y = 7rTy.

Combining these two equations, the equilibrium condition is
T h=1'y. (4.7)

The following theorem shows the existence of a stationary equilibrium.

Theorem 4.2. There exists a stationary equilibrium in the CARA Huggett econ-
omy. The gross risk-free rate satisfies 1 —p < R < 1/p.

The following theorem shows that the stationary wealth distribution in a

CARA Huggett economy has exponential tails.

Theorem 4.3. Let P = (pss) be the transition probability matriz with positive
diagonal entries, y = (i1,...,%s)" be the vector of incomes, b = (by,...,bs)" be
as in Proposition /.1, and R = % be the effective risk-free rate in equilibrium.
For any z € R, let A\(2) > 0 be the Perron root of the matriz P(diag e*¥=?)). Then
there exist unique oy, > 0 such that May) = AM—aq) = l%p. The stationary
wealth distribution has exponential tails with upper tail exponent aq and lower tail

exponent ay.

Proof. By (4.6) with R replaced by R, individual wealth increases by R(7; —b,) in

state s. Since P has positive diagonal entries and the vector of moment generating

functions is M(z) = e?R(y=0)

, assuming y — b has a positive element, by Theorem
3.1 (see Remark 3.4) the wealth distribution has an exponential upper tail with
exponent o1 > 0 that satisfies A(aq) = ﬁ, where A(z) is the Perron root of

P(diag M(z)). The argument for the lower tail is similar.
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Therefore to complete the proof it remains to show that y — b has both positive
and negative elements. Since by the equilibrium condition we have 7" (y —b) = 0,
it suffices to show that y # b. Suppose on the contrary that y = b. Then by (4.5)
we obtain vy = — log(SRPe™ "), or equivalently

1

Pvzﬁ—Rv

with v = €77 > 0. Therefore v is an eigenvector of P with eigenvalue 1/(5R).
Since P is an irreducible nonnegative matrix with spectral radius 1, and SR < 1
by Theorem 4.2, it must be the case that SR = 1 and Pv = v. By the Perron-
Frobenius theorem, v must be a scalar multiple of the Perron vector, which is 1.

Therefore g, = - - - = 95, which contradicts the assumption 7, < - -+ < yg. O

In the quantitative macro literature, it is well known that heterogeneous-agent
models with idiosyncratic income risk alone have difficulty in matching the wealth
distribution (Huggett, 1996; Castaneda et al., 2003). Theorem 4.3 provides a theo-
retical explanation of these numerical findings: idiosyncratic income risk (additive
shocks) alone can only generate exponential tails—not Pareto tails—when the in-
come process is light-tailed. Benhabib et al. (2017) show that when the income
process is fat-tailed, then the tail exponent of the wealth distribution is identical
to that of the income process, which is counterfactual. These theoretical results
suggest that researchers need to go beyond models with idiosyncratic income risk

in order to understand the upper tail of the wealth distribution.

4.1.3 Numerical example

As a numerical example, let the discount factor be 5 = 0.96, absolute risk aversion
v = 3, death probability p = 0.025, and suppose that log income z; = logy, is a

centered stationary Gaussian AR(1) process,
Ty = PT—1 + Et, €t ~ N(Oa 02)7

where p = 0.9 and ¢ = 0.1. Since our theory concerns a finite-state Markov chain,
instead of the original AR(1) process we take a discrete-state analog as the true
process. For this purpose we apply the method in Farmer and Toda (2017) to
discretize the AR(1) process {z;} using an even-spaced grid with S = 9 points.
Letting T, be the grid point in state s, the income in state s is defined by 7, = .
We then solve for the equilibrium risk-free rate R = 1.0350 using (4.5) and (4.7).
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Finally, we compute the tail exponents of the wealth distribution using Theorem
4.3. The theoretical values are oy = 0.2857 and o = 0.3669.

Figure 4.1a shows the histogram of the wealth from a simulation with 100,000
agents. The wealth distribution seems to have exponential tails. Letting F'(z) be
the empirical cumulative distribution function, Figure 4.1b shows the tail prob-
if;gg; for x > 0) in a semi log plot. Since Figure
4.1b shows straight line patterns, the tails are exponential. Estimating the tail

ability (% for x < 0, and

exponents by maximum likelihood (using the largest 5% of observations in each

tail), we obtain a; = 0.2805 and ay = 0.3657, close to the theoretical values.
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Figure 4.1: Wealth distribution of the CARA Huggett economy.

4.2 Wealth distribution with idiosyncratic investment risk

Heterogeneous-agent models with idiosyncratic investment risk have recently be-
come quite popular for studying size distributions, but most papers assume iid
shocks.!! Benhabib et al. (2011) consider an overlapping generations model where
the returns on wealth and income remain constant over the life cycle of the agent
but change when the generation turns over. This way they are able to solve for the
optimal consumption rule during the lifetime but allow for Markovian dynamics
across generations using the results in da Saporta (2005). Toda (2014) considers
a heterogeneous-agent model with Markovian shocks but the Pareto tail results
hold only in the continuous-time limit, where shocks are Gaussian. Cao and Luo
(2017) consider a continuous-time Markov switching model with two states. Us-

ing our main results (Theorems 3.1-3.4), applied researchers may characterize the

14See, for example, Luttmer (2007), Nirei and Souma (2007), Benhabib et al. (2015, 2016),
Acemoglu and Cao (2015), Toda and Walsh (2015), Gabaix et al. (2016), Nirei and Aoki (2016),
and Aoki and Nirei (2017).
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tail behavior of the size distribution provided that the agents solve a homoge-
neous problem (i.e., maximizing a homothetic function subject to proportional
constraints such as an optimal consumption-portfolio problem) in a Markovian
setting. Due to space considerations we do not discuss a concrete example, but

interested readers may refer to the above cited papers.

5 Power law in Japanese prefectures

As an empirical illustration, we apply the random growth model to a panel of
Japanese prefecture populations. The main question is whether the time series
properties of population dynamics estimated from the panel are consistent with a

Pareto index estimated from the cross-section.'”

5.1 Cross-sectional estimation

We use annual population data for 46 Japanese prefectures (excluding Okinawa)
since 1920. Only for the cross-sectional estimation, we also use the census data in
1873, 1884, 1893, 1908, and 1913. See Appendix E.1 for a more detailed description
of the data.

Figure 5.1 displays estimates of the upper Pareto exponent of the size distri-
bution of prefectures in different years. The blue curve is the maximum likeli-
hood estimate of the Pareto-lognormal (PIN) distribution, which is the product
of independent lognormal and Pareto random variables (see Appendix E.2 for de-
tails). The red curve is obtained by running the log(Rank — 1/2) regression as in
Gabaix and Ibragimov (2011) using the largest 15 prefectures in each year.

We can make a few observations. First, the two curves in Figure 5.1 are similar
after 1920 except during WWII, which suggests the robustness of the estimation.
Since the maximum likelihood estimation of PIN using the whole sample is more
efficient than the log(Rank — 1/2) regression using the tail observations and does
not require a cutoff selection, below we focus on the former, although the latter
may be more robust to misspecification.

Second, the Pareto exponent estimated by maximum likelihood is very large
before 1920 and during WWII. Since PIN nests the lognormal distribution as a
limiting case (v — o00), this suggests that the prefecture distribution was closer

to lognormal before 1920 and during WWII. Figure 5.2a shows the p-value of the

5Davis and Weinstein (2002) examine historical population data from Stone Age Japanese
regions and reject the random growth hypothesis, but this is because they narrowly interpret
“random growth” as “iid growth”.
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Figure 5.1: Pareto exponent of Japanese prefectures.

likelihood ratio test of the lognormal distribution (v = co0) against the Pareto-
lognormal (o < 00). The lognormal distribution is rejected at significance level
0.05 for the years 1933-1943 and all years since 1960. It is not surprising that
the power law breaks down during WWII since much of the urban population

migrated to rural areas in order to avoid the air raid by the United States.
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(a) Test of lognormality (o = 00). (b) Test of Zipf’s law (o =1).

Figure 5.2: p-values for likelihood ratio tests.

Third, except for the break during WWII, the Pareto exponent is roughly
monotonically decreasing and approaches one, which is consistent with Zipf’s law.
Figure 5.2b shows the p-value of the likelihood ratio test of Zipf’s law (a0 = 1)
against the unrestricted Pareto-lognormal. Zipf’s law fails to be rejected at sig-

nificance level 0.05 for all years since 1968.
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Figure 5.3 displays log-log plots of the rank size distribution of prefectures for
several years, together with the values predicted from the Pareto-lognormal and
lognormal distributions using the maximum likelihood estimates. In 1873, the
size distribution was approximately lognormal. The power law pattern starts to
emerge in 1920, and the Pareto exponent drifts downward toward one until 1944.
Dislocation and destruction caused by WWII halved the population of Tokyo in
1945, which made the size distribution close to lognormal again. The power law

pattern reemerges around 1950 and stabilizes by 1970.
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Figure 5.3: Log-log plot of rank size distribution of prefectures.
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5.2 Panel estimation

Are the time series properties of the population dynamics consistent with a power
law in the cross-section? To answer this question, we estimate a random growth
model for the population dynamics and compute the theoretical Pareto exponent.
Due to data quality concerns and the structural break during WWII, we only use
post war data (1946-2015). We assume that the relative size (population of a
prefecture divided by the total population) S;; of prefecture i in year t follows the
random growth process
Sit+1 = Gi 415t

where G ¢4 is the gross growth rate of the relative size of prefecture 7 from year ¢
to t+1. Following the setting in Section 3, suppose that there are N states indexed
by n=1,..., N and in state n the growth rate is lognormally distributed, so

log G i1 | iy = 1~ N (pn, Ui)a

where n;; is the state of prefecture ¢ in year . For the number of states, we consider
N =1,2,3 and estimate the model using the Hamilton (1989) filter (see Appendix
E.3 for details). After estimating the transition probability matrix II = (7,,),
conditional mean p = (u1,...,py)', and standard deviation o = (oq,...,0n5)",

we compute the implied Pareto exponent o« > 0 by solving the equation

p(I diag(errsteois®/2  ornstoRs?/2)) — T (5.1)
which corresponds to (3.2) in Theorem 3.1. Since some regions in Japan were
developed much earlier than others (for example, the region around Kyoto and
Osaka were well-developed by the 6th century, while Hokkaido was developed only
in the late 19th century), the tail in the age distribution is long. We therefore set
p = 0 when computing the upper tail exponent.’® Table 5.1 shows the results.

When the model is iid (N = 1), the implied Pareto exponent o = 56.7 is
wildly inconsistent with the value estimated from the cross-section (about 1.3-
1.5 in 2015 according to Figure 5.1). When we expand the model to two states
(N = 2), the log-likelihood increases dramatically, so the model with a single
state is clearly misspecified. The expected growth rate does not change much
(only from —0.0035 to —0.0030) but there are now two volatility regimes with
identical growth rate. The implied Pareto exponent o = 26.8 decreases by half

6 Empirically, we find that the spectral radius in (5.1) is equal to one at s = 0 and at a positive
value of s; we take the latter value to be the implied upper Pareto exponent.
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Table 5.1: Estimation of random growth model for Japanese prefectures.

Parameter Number of states (V)
1 3
0.9439 0.0561 0.0000

Il 1 {83;2;1 8'83‘11(75} 0.0145 0.9671 0.0184

' ' 0.0210 0.0141 0.9649
n' —0.0035 [—0.0030 —0.0030] [—0.0122 —0.0022 0.0084]
ol 0.0111 [0.0029 0.0169] [0.0053 0.0026 0.0199]
log L 9,925 11,638 12,388
o 56.7 26.8 1.61

Note: The structural parameters are II: transition probability matrix, u: conditional mean,
o: conditional standard deviation. log L is the log-likelihood. « is the upper Pareto exponent
obtained by solving (5.1) for s.

compared to the case N = 1 but is still very large. With three states (N = 3),
the log-likelihood increases dramatically again and the Pareto exponent o = 1.61
becomes similar to the cross-sectional estimate. Therefore the emergence of a
power law in the Japanese prefecture sizes seems to be consistent with a random
growth model, but only by allowing for Markovian dynamics. Note that in each
case the estimated transition probability matrix has large diagonal elements, so
the process is very persistent. This is another reason why our non-iid results in

Section 3 are useful.

6 Conclusion

It has long been conjectured that random growth models robustly generate power
law tails. For example, in his well-known paper on Zipf’s law, Gabaix (1999,

footnote 13) writes:

Let each city grow at an arbitrary mean rate. [...]| [I]t does not matter
if this mean rate is time varying[, which] is a conjecture that we firmly
believe to be true. [...] However, we could not find any argument in
the mathematical literature—here we deal with Markov chains with

time-varying transition matrices—to help us establish this rigorously.

In this paper we have presented results that affirmatively resolve the robustness
conjecture of power law tails. It is not essential that the growth rate process is

Gaussian or iid. While the details of the underlying process matter quantitatively
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in the sense that they affect the magnitude of the Pareto exponent, they do not
matter qualitatively: the tail behavior is Pareto under mild conditions.

Applying a random growth model to historical Japanese prefecture population
data, we have shown that the time series properties of the growth process and
the tail behavior of the cross-sectional distribution of levels can only be reconciled
by introducing a hidden Markov state variable with several regimes. Because
our main theorems provide an analytical tool to study such non-iid processes, we

believe they have potentially a wide range of applications.
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Appendices

A  Proof of Tauberian theorem

The proof of Theorem 2.1 uses a technique developed in Graham and Vaaler
(1981). Define

e forx >0,
E(x) =
0 for z < 0.

Fix A > 0, let w = 27/, and define the continuous functions K (z), kx(z) by

- (S [E e £ (2]
o) = Kate) - (212

for all real x that are not integer multiples of w. Note that this validly defines

K, (z) and ky(z) for all real x since sin Ax/2 ~ (—1)"A(x — nw)/2 around = = nw

for each integer n. We have the following lemma.
Lemma A.1. K and k), satisfy the following properties.
(i) kx(z) < E(x) < Kx(z) for all real x.

(ii) K\ and ky are absolutely integrable, with Fourier transforms K A and %,\

supported on [—\, \] and satisfying

~ w ~ w
K, (0) = kx(0) = .
(0= =2 R0)=
Proof. See Korevaar (2004, Proposition 5.2). O

The following proof of Theorem 2.1 is an adaptation of arguments appearing
in Graham and Vaaler (1981), Korevaar (2004, ch. 5), and Nakagawa (2007).

Proof of Theorem 2.1. Let F' be the cdf of X, and fix ¢ € (0, ). Since E(o(y—
z))e? = e 1(y > x), we have

e”P(X > x) = / E(o(y —z))e’Y dF(y).

[e.e]
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Noting that |E(o(y — z))e?| < 1V e* and |E(a(y — x))e??| < e**, two appli-
cations of the dominated convergence theorem with dominating function 1V e**

(constant as a function of y) reveal that

iin [ oty - 2)e dF) = [ Blaly— o) dF(y
—tim [ Blaly— 2)e dF ().
Therefore, .
eP(X >1x) = Ll%l } E(a(y —x))e’ dF (y). (A.1)

For any A > 0, Lemma A.1(i) implies that

/_ " Bla(y — )™ dF (y / Kx(aly — 1))e” dF (y). (A.2)

oo

Lemma A.1(ii) implies that K, (a(y—x))e??, viewed as a function of x, is absolutely

integrable with Fourier transform

/ KA(Og<y — x))eoyeflt:v dr = = / K}\(w)eayefzt(y—w/a) dw
— 0 ol o
= lf/\(,\(t/a)e("’“)y.
[0

Therefore, applying Fubini’s theorem, we find that the Fourier transform of the
upper bound in (A.2) is given by

/ —K\(t/a)e " Y AF (y) = =K, (t/a)M (o — it).
oo Q@
This Fourier transform has support [—a\, a\] by Lemma A.1(ii) so, applying the

Fourier inversion theorem, we find that the upper bound in (A.2) satisfies

a)\l/\

/_ h K,\(a(y—x))e"de(y):% / LRt/ Mo —iet=dt.  (A3)

T J_a)\ &

In deriving (A.3) we have only assumed that the Laplace transform of F' has right

abscissa of convergence o € (0, 00). It must therefore be valid for the cdf

1l—e*® forxz>0
G(x) =
0 for x <0,
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whose Laplace transform is [*_e* dG(x) = -%. In this case (A.3) specializes to

/ " Kaoly — 2))e dG(y) = — / LRAtfa)— et ar. (A4

Combining (A.2), (A.3) and (A.4), we obtain

/Oo Ela(y — ))e”V dF(y) < QL/CM lmt/a)( (0 —it) + ,L)em dt

0 e o—1t— o
+ 2 [ Kaaty -2 ac
= Il(av ZL‘) + 12(07 l‘)
Let H(z) denote the continuous extension of M(z) + A(z — «)~! to S}, which

exists due to the definition of B. Fix b € (0, B). Since H(z) is uniformly continu-

ous on the compact set
{zeC:0<Rez<a,-b<Imz<b},
it must be the case that

lim sup |H(o —it) — H(a—it)| = 0.
ota te[—b,b]

Consequently, setting A = b/« we obtain

h%n_fl(cr x / Kb/a(t/a) (o — it)e™™ dt,
and the Riemann-Lebesgue lemma then yields lim, , limy4, I3 (0, 2) = 0. Next,

applying the dominated convergence theorem we obtain
lim I1(o, x) / Ky(a(y —z))e™ dG(y)

oo

:A/o K,\(oz(y—:zc))dy:é OOK,\(w)dw.

Letting 2 — oo and noting that [*°_ K (w) dw = I?)\(O) =w/(1—e"*) by Lemma
A.1(ii), we obtain
A w 2 A/b

lim lim 7. = .
mgI;o 0111‘2 2(0 SL’) al —evw 1 — e2ma/b
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Recalling (A.1), this establishes that

2w A/b

limsupeamP(X > [L‘) S m

T—00
Since b can be chosen arbitrarily close to B, the claimed upper bound in (2.4)
follows. The proof of the lower bound is similar. Sharpness of the bounds was
demonstrated in Remark 2.2. O

B Properties of nonnegative matrices

In this appendix we collect properties of nonnegative matrices that are used
throughout the paper. For a square (complex) matrix A, let p(A) denote its spec-
tral radius, i.e., the largest modulus of all eigenvalues, |A| be the matrix obtained
by taking the modulus of each element of A, and ||A|| be any matrix norm.

For matrices A, B of the same size, let A ® B denote the Hadamard (entry-
wise) product, so for A = (a,n,) and B = (byy,), we have A © B = (amnbmn). For
a nonnegative matrix A = (@), let A = (a2 ) denote the matrix of entry-wise
power. The following proposition shows that the spectral radius has a convexity

property with respect to the Hadamard product.

Proposition B.1 (Theorem 1, Elsner et al., 1988). Let A, B be nonnegative square

matrices of the same size and 0 € (0,1). Then

p(AYD @ B?) < p(A) = p(B)".

We call an N x N square matrix A = (am,) trreducible if for any m,n,
there exist numbers m = ki, ko,...,k, = n (1 < p < N) such that the en-
tries g, iy, Qkyks, - - -5 Gk, 1k, are all nonzero. There are many different ways to

characterize irreducibility: see Theorem 6.2.24 of Horn and Johnson (1985).
Proposition B.2. For N x N complex matrices A, B, the followings are true.
() p(A) = limgo || A*|*
(i) If |B] < A, then p(B) < p(|B]) < p(A).

(iii) If A is nonnegative and irreducible, |B] < A, p(A) = p(B), and \ =
ep(B) is an eigenvalue of B, then there exist 0y,...,0n € R such that
B =¢e“DAD™!, where D = diag(e®, ..., e"N).
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Proof. Property (i) (which is known as Gelfand’s spectral radius formula) is Corol-
lary 5.6.14 of Horn and Johnson (1985). Property (ii) is Theorem 8.1.18 of Horn and Johnson
(1985). Property (iii) is Theorem 8.4.5 of Horn and Johnson (1985). O

Perron-Frobenius theorem. Let A be a square, nonnegative, and irreducible

matriz. Then

(i) p(A) >0,
(ii) p(A) is an eigenvalue of A (which is called the Perron root),

(iii) there exist positive vectors x,y (called the right and left Perron vectors) such
that Ax = p(A)x and y" A = p(A)y", and

(iv) p(A) is an algebraically (and hence geometrically) simple eigenvalue of A.
Proof. See Theorem 8.4.4 of Horn and Johnson (1985). O

Proposition B.3. Let A be a square, nonnegative, and irreducible matriz, and B
be a complex matriz of the same dimension. Then p(A + zB) depends holomor-

phically on z in a neighborhood of z = 0.
Proof. See Vahrenkamp (1976). O

Proposition B.4 (Theorem 5.2, Karlin, 1982). Let IT be a nonnegative, irreducible
matriz with rows summing to one, D be a positive diagonal matriz, and f(t) =
p((tI + (1 —t)II)D) fort € [0,1]. Then f'(t) > 0.

C Simple poles of matrix pencil inverses

In this appendix we collect some properties of matrix pencil inverses that are used
to prove the main results of our paper. A matrix pencil is a square (complex)

matrix-valued function of a complex variable.

Proposition C.1. Let A(z) be an n X n matriz pencil depending holomorphically
on z € ), where Q is some open and connected subset of the complex plane.
Suppose that A(z) is invertible for some z € Q). Then A(z) has a meromorphic
inverse A(z)™ on Q, with poles at the points of noninvertibility of A(z). If A(z)
has rank v < n for some z € ), so that A(z)™ has a pole at z = 2, then the

following four conditions are equivalent.
(i) The pole at zy is simple.
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(ii) The geometric and algebraic multiplicities of the unit eigenvalue of I — A(zp)

are equal.

(iii) The r x v matriz y' A'(z)x is invertible, where x and y can be any n X r

matrices of full column rank such that A(z)x =0 and y' A(z) = 0.

(iv) The complex vector space C" is the direct sum of the column space of A(zp)

and the image of the null space of A(zy) under A'(zp).

Under any of these equivalent conditions, the residue of A(z)™! at the simple pole

at z = zy is equal to x(y " A'(z0)z) Ly .

Proof. Meromorphicity of A(z)~! when A(z) is somewhere invertible was proved
by Steinberg (1968). The equivalence of (i), (ii), and (iv) was proved by Howland
(1971). Note that both of the authors just cited worked in a more general Banach
space setting. The equivalence of (i) and (iii) and the residue formula were proved
by Schumacher (1986); see also Schumacher (1991, pp. 562-563). O

Remark C.1. Proposition C.1 is closely related to the Granger-Johansen rep-
resentation theorem (Engle and Granger, 1987; Johansen, 1991). The connection
was first commented upon by Schumacher (1991), who observed that the condition
used by Johansen (1991) to guarantee that the solution to a vector autoregres-
sive equation is integrated of order one, or I(1), corresponded to condition (iii).
Johansen (1995, Corollary 4.3) gave a reformulation of the I(1) condition corre-
sponding to condition (ii), while Beare et al. (2017) gave a reformulation of the
I(1) condition corresponding to condition (iv), and used it to develop an exten-
sion of the Granger-Johansen representation theorem to a general Hilbert space
setting. Condition (iv) is not used to prove any of the results in this paper but

we have included it for the sake of completeness.

D Proofs of results in Section 4

Proof of Proposition 4.1. We divide the proof into three steps.
Step 1. If (4.5) has a solution, then the policy (4.4) satisfies the Bellman equation.
We prove by guess-and-verify. Substituting (4.4a) into the Bellman equation

(4.3), we obtain

—ie_“/(““bs) = max {_le—vc - ﬁ E [e_“/(aR(w_cwsHbS’) } s} } ) (D.1)
va Y va
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The first-order condition with respect to c is

e~ BRE [e—’Y(GR(UJ—C-H?s)‘f'bs’) S] = 0. (DQ)
Substituting (D.2) into (D.1), we obtain
1 1 1
_ = eawtby) T (a + _) e e, (D.3)
ya ya R

Comparing the coefficients, (D.3) trivially holds if a =1 — 1/R and ¢ = aw + b;.
In this case (D.1) holds, and so does the Bellman equation (4.3). To determine
b= (bs)5_,, by the first-order condition we have

s=1>

(D.2) <= e v(awtbs) — BRE [efv(anr(Rf1)(fbs+gs)+bs,)

< 1=BRE [e A4 | ]

s]

1 1
— by = (1 — E) Us — 7_R log E [ﬁRe_VbS’ s}

S
1Y _ 1 b,
<~ bSZ (]_—E) ys_'y—Rlog (BRZPSS’G 75) .

s'=1

Expressing in matrix form, we obtain (4.5).

Step 2. The system of equations (4.5) (for s =1,...,5) admits a unique solution
b= (bS)S

s=1-
For b € R®, define T : R® — R® by

1 1 b
Tb:(l—ﬁ)y—ﬁlog(ﬁRPe 7).

Then (4.5) is equivalent to Tb = b, i.e., b is a fixed point of 7. To show that 7" has
a unique fixed point, we show that 7' is a contraction using the sufficient condition
in Blackwell (1965, Theorem 5). Clearly by < by = Tb; < T'by, so monotonicity

holds. Furthermore, for any ¢ > 0, we have

1 1
T(b+1t1) (1 — E) Y — R log (BRPe(H1)

1 1 t
=(1-=)y——I Pe ™) + —1
( R)y "R og (BRPe )+R

t
=Tb+ —1.
JrR

52



Since R > 1, T satisfies discounting, and hence by Blackwell’s condition 7' is a

contraction. By the contraction mapping theorem, 7" has a unique fixed point.

Step 3. The policy (4.4) characterizes the solution to the utility mazimization

problem.

Since the value function (4.4a) satisfies the Bellman equation, in order to
demonstrate the optimality of the consumption rule (4.4b), it remains to verify

the transversality condition
thm 6t | )0[[/815 (wt)] = O, (D4)
—00

where w; is the wealth at time ¢ determined by the budget constraint (4.2) and
the consumption rule (4.4b).'" Using the formula for the value function (4.4a) and

the budget constraint (4.2), the continuation value in the next period is

V;/(w/) — _ie—v(aw/—i—bsl) — —ie_V(aR(W—C-H?s)-i-bS/).

va ya

Taking the expectation conditional on s, by (D.2) we obtain

1 1 1
E ‘/S/ ! = — e — —v(aw+bs) — _‘/S )
Vilw) 3] = =" = — e SRV w)
[terating this equation from ¢ = 0 to ¢, we obtain
; 1
8 BalVi, ()] = Vi o00)
Since R > 1, letting t — 0o we obtain the transversality condition (D.4). 0

Proof of Theorem 4.2. For notational simplicity, assume p = 0. The case p > 0
is completely analogous by using B = B(1 —p) and R = % instead of 5, R. We
divide the proof into three steps.

Step 1. If an equilibrium exists, then SR < 1.
By (4.5), we have

S
1y 1 b
bs:(l‘ﬁ)ys—ﬁ10g<ﬂR§ pssfe“)

s'=1

17See Kamihigashi (2014) and references therein for the sufficiency of the transversality con-
dition.
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Since (pss)%_; are conditional probabilities, they are nonnegative and sum to 1.

Since —log(+) is strictly convex, it follows that

S
1 1

bs <({1l-- Us — —5 ss’ 1 —1bet

< ( R) U~ R ;llp og(BRe™)

= (1= 5) 5y (19 + st
- _R ys_’)/R og pss’(_’y s’)

s'=1

1 1
— b < (1 - E) y— R (log(BR)1 — vPD),

where the last inequality is element-by-element. Left-multiplying the stationary

distribution 7 > 0 as an inner product, it follows that

b < (1 - l) 'y — L(log(ﬁR) — 7' Pb)

R YR
= (1 — %) Ty — %(log(ﬁﬂ’) ) (-7' =7'"P)
1
T T

By the equilibrium condition (4.7), we have 7'b = 7wy, so

1

since R > 1 is necessary for equilibrium existence.

Step 2. Let b(R) be the value of b= (bs)%_, implied by (4.5). Then min, by(R) —
oo as R | 1.

Let b = min, b,(R) and y = min, g,. Using R > 1 and the monotonicity of T,
it follows from (4.5) that

1 1<
b> (1 - E) y— ’}/—R SlzlpSS’ log(BRe Wb)
1 1
~ (1-3) - tostsm) - )
1
= b>y— (R_l)log(ﬂR)eoo

as R | 1 because 3 < 1.

Step 3. An equilibrium exists. The gross risk-free rate satisfies 1 —p < R < 1/p.
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Let b(R) be the value of b = (b,)2_, implied by (4.5). By (4.7), the equilibrium
condition is g(R) == 7 "b(R) — 7'y. By Proposition 4.1, b(R) is well-defined for
R > 1, and it is smooth by the implicit function theorem. Therefore g(R) is well-
defined and continuous for R > 1. By the previous step, we have limg; g(R) = oo.
Letting R =1/ in (D.5), we obtain

90/0) < a7y

By the intermediate value theorem, there exists R € (1,1/3] such that g(R) = 0.
If p > 0, by the same argument as above we obtain 1 < R < 1/6~ — 1—-p<
R<1/p5. O

E Japanese population data and estimation

E.1 Historical background and data

During the Edo era (1603-1868), Japan was divided into provinces called han,
which were controlled by feudal lords called daimyo. The movement of people
across regions was severely restricted during this period. In 1868, the govern-
ment power was transferred from the Tokugawa shogunate to the Emperor (Meiji
Restoration) and Japan transitioned to a modern nation with a market-based
economy. In 1871 the Meiji government abolished the han system (haihan-chiken).
Hans were reorganized into prefectures. Initially (August 1871) there were 305
prefectures (302 kens plus Tokyo, Osaka, Kyoto), but they were consolidated into
75 by November 1871. The prefectures were further consolidated into 72 in 1872,
63 in 1873, 62 in 1875, and 38 in 1876. In 1889, some of them were divided and
the total number became 46 plus Hokkaido, which is the current number.

There are 47 modern prefectures in Japan. Since 1920, the census has been
conducted every five years. The early census was irregular, conducted in 1873,
1884, 1893, 1908, and 1913. Special census was conducted in 1944, 1945, 1946,
and 1947 due to WWII and its aftermath. Statistics Japan'® computes prefecture
population data for all years (as of October 1) since 1920 by aggregating the
residence registration data in each city. Since completing residence registration is
a prerequisite for receiving government service, the quality of this data is high.
The population data come in spreadsheets for 1920-2000, 2000-2010, and each year

thereafter. Combining these spreadsheets, we can construct a balanced panel of

Bhttp:/ /www.stat.go.jp/data/jinsui/2.htm
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annual prefecture population data from 1920 to 2015 except for the prefecture of
Okinawa, which was occupied by U.S. from 1945 to 1972.

Before 1920, the boundaries of prefectures changed several times. Using the
census data in 1873, 1884, 1893, 1908, and 1913, the Japanese urban planning
book Shakai Kougaku Kenkyujo (1974) has imputed the prefecture population
data with the 1920 boundaries. Due to data quality concerns, we use this data
only for the cross-sectional estimation and not the panel one (which is our focus).

Figure E.1 plots the population of selected prefectures over time.
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Figure E.1: Population of selected prefectures.

The prefectures are Hokkaido (smallest in 1873), Niigata (largest in 1873),
Tottori (smallest in 2015), and Tokyo (largest in 2015). Hokkaido (the northern
island) experienced high growth before WWII, which is largely due to migration.
(Before the Meiji Restoration in 1868, Hokkaido was an undeveloped territory
inhabited by the Ainu people, who were hunter-gatherers. After 1868 the Japanese
government encouraged migration and development.) Tokyo’s population has two
dips, one in 1923 (due to the earthquake on September 1 that killed more than
100,000) and another in 1945 (due to refugees and death during WWII). Niigata
is a north-central prefecture whose main industry is agriculture (rice). It was the
largest prefecture in 1873 but has experienced little growth (except in 1945 when
it received war refugees from other urban areas). The graph for Tottori (a rural

western prefecture) is almost parallel to Niigata.
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E.2 Cross-sectional estimation

A Pareto-lognormal (PIN) random variable is the product of a lognormal variable
and an independent Pareto variable with minimum size 1 (normalization) and
Pareto exponent o > 0 (Reed and Jorgensen, 2004). The distribution of the
logarithm of a PIN variable is the convolution of the normal and exponential
distributions, which is known as the normal-exponential distribution. It has three
parameters, the mean p and standard deviation o > 0 of the normal component
and the exponent o > 0 of the exponential component. The density of the normal-

exponential distribution is given by

flap, 0,0) = qe@E-mta?e® 2 <x —E_ aa) :
g

where ®(+) is the cdf of N(0,1). Maximum likelihood estimation is straightforward
using this density.

E.3 Panel estimation

We estimate the hidden Markov model using the Hamilton (1989) filter. The
following algorithm computes the log-likelihood. (The algorithm considers the

case of one time series, but the panel case is similar.)

(i) Given the transition probability matrix I, compute the stationary distribu-

tion 7 as the right Perron vector of II that sums to 1. Set o = 7.
(ii)) For t =1,...,T, do the following:
(a) Let &1 = HTft,”t,l be the one period ahead prior forecast.
(b) Define the vector of conditional likelihoods 1; = (1,¢)"_, by

1 _ (log Gy—pn)?
20‘%

Tt = \/ﬁe ’

where log G; is the realized log growth rate.

(c) Update the one period ahead forecast by & = (: @ &pi—1)/ (1 &tje—1),

where ® denotes the Hadamard (element-wise) product.

(iii) Compute the log likelihood as log L = 3", log(n] &yi—1)-

We then estimate the parameters IT, g = (pu1,...,pun)", and o = (oq,...,0n5)"

by maximizing the log-likelihood.
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