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Dynastic dynamics: Modelling powerful naming choices with stochastic prestige
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The naming choices of powerful rulers encode millennia of cultural, political, and institutional influ-
ences. Consequently, the long-term onomastic dynamics within some of the most powerful dynasties
cannot be explained by simple mechanisms such as frequency-dependent reinforcement or random
name reuse. Here, we propose a minimal model that encapsulates these influences in a single highly
stochastic variable, prestige, and assume that name selection is driven by the prestige accumulated
by previous rulers bearing the same name within each dynasty. Using an extensive dataset spanning
ten dynasties, we show that the model reproduces the pronounced inequalities in name frequencies,
the long-term persistence of dominant names, and the abrupt rises in popularity observed in histor-
ical records. Our results suggest that the naming traditions of powerful rulers preserve institutional
memory through reinforcement while remaining sensitive to rare historical events that can reshape

the hierarchy of names across generations.

INTRODUCTION

How do the powerful choose their names? The nam-
ing choices of political and spiritual rulers constitute a
paradigmatic case study in cultural evolution [1, 2]. The
selection of a regnal or ruling name forms a discrete se-
quence of institutional choices, shaped by the interplay
of power, tradition, and reform [3-5]. In this sense, the
names of the powerful are symbolic assets rather than
neutral labels. They encode social memory, institutional
continuity, and collective values, transforming each act
of naming into a public claim about inheritance, legiti-
macy, and change [6-9].

Throughout history, rulers have routinely chosen
names linked to the land, the divine, and conflict, cul-
tivating associations with strength, perfection, protec-
tion, power, and military victory [8]. In ancient Egypt,
pharaonic names were used to announce royal poli-
cies and to imitate the nomenclature of illustrious pre-
decessors [8]. In Roman imperial history, names like-
wise evolved for social and political reasons, often serv-
ing to consolidate the civil and military legacy of ear-
lier rulers [10, 11]. A similar logic appears in the
centuries-long sequence of pontificates during which
newly elected popes repeatedly adopted names already
chosen by their predecessors [3, 4, 12]. Taken together,
these examples showcase that the accumulated pres-
tige of a name is a central mechanism behind dynastic
naming traditions.

To quantify how past prestige weighs on present
choices, we frame ruling names as onomastic time se-
ries whose evolution can be studied through the lens
of quantitative complex-systems approaches. Such ap-
proaches have been used to model the evolution and
governance of societies, language, and culture [9, 13—
23]. In particular, quantitative studies of onomastics
have examined cultural drift or papal-name prediction,
among other phenomena [24-28]. Yet, the long-term
dynamics of ruling-name choices remain largely unex-
plored.

A natural formal language for modeling such repeated
choices is provided by urn models, in which options are
repeatedly selected from a repertoire that may change
over time [29-31]. Urn schemes encompass mecha-
nisms ranging from simple random sampling with [32] or
without [33, 34] replacement to reinforcement processes
in which past selections bias future ones [35—39], includ-
ing heterogeneous reinforcement distributions [40, 41]
and extensions that include innovation through the in-
troduction of new elements in the repertoire [42—-44].
In complex systems, reinforcement is commonly as-
sociated with rich-get-richer (RGR) dynamics and the
Matthew effect [45], providing a minimal mechanism
for heavy-tailed distributions and scaling laws across
many empirical domains [46-52]; related principles also
appear in cumulative-advantage models [53-55] and
growing-network models [56, 57]. However, in regnal
naming, reinforcement is not only frequency-based: rare
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but highly prestigious reigns may abruptly reshape name
popularity and disrupt existing name hierarchies.

In this work, we introduce a minimal stochastic model
formulated within the framework of randomly reinforced
urns [39] with innovation, in which reinforcement is inter-
preted as accumulated regnal prestige. Crucially, pres-
tige is modeled through a heterogeneous heavy-tailed
distribution unlike most reinforced urn model assuming
uniform reinforcements. We validate our model with a
broad set of powerful ruling dynasties, including Egyp-
tian pharaohs, Roman emperors, popes, Russian tsars,
patriarchs of Constantinople, and monarchs of several
regions. Using the calibrated parameters of the model,
we show that the role of prestige heterogeneity is more
pronounced in non-hereditary dynasties, whereby the
establishment of successful lineages is more shaped by
the individual performance of the predecessor than by
the historical name frequency within the dynasty.

RESULTS

Onomastics of powerful dynasties

We analyze the name timelines across 10 distinct rul-
ing systems: Egyptian pharaohs [58], Roman Emper-
ors [59], popes [12], Russian tsars [60], the patriarchs of
Constantinople [61], Ottoman sultans, Holy Roman em-
perors, and the monarchs of Spain [62], Denmark [63],
and England [64]. Each discrete event in these time-
lines corresponds to the succession of a new ruler fol-
lowing the death, abdication, or deposition of their pre-
decessor. We show in Fig. 1 the dynastic dynamics for
popes (top row), Egyptian pharaohs (middle row), and
Roman emperors (bottom row), and we present the re-
maining datasets in Supplementary Fig. 1 in Supple-
mentary Note 1.

Fig. 1a-c displays the temporal dynamics of name
abundance, showing that name usage is bursty rather
than smooth. Names can remain dormant for long pe-
riods before being rapidly reused, generating cascades
in their cumulative abundance. At the same time, new
names continue to enter the repertoire, highlighting the
interplay between innovation and reuse. This balance
is summarized by the evolution of the number of dis-
tinct names M (t), as we show in the insets of Fig. 1d-f.
At early times, M (t) grows rapidly, indicating a regime
dominated by onomastic innovation. As the sequences
progress, this growth slows down, and the curves bend
away from linearity, showing that the introduction of new
names becomes less frequent and reuse increasingly
dominates the dynamics. In hereditary monarchies, ex-
tended periods of low innovation often reflect dynas-
tic constraints and lineage-based naming traditions (see
Supplementary Fig. 1). In contrast, the papal sequence
reflects the consolidation of an institutional tradition of
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choosing names already present in the repertoire, lead-
ing to a long period of almost uninterrupted reuse until
the election of Francis | in 2013.

Finally, in Fig. 1g-i we show that bursty reuse pro-
duces increasing inequality in name frequencies. The
variance of the name-frequency distribution V(¢) grows
over time (see top rows), indicating that repeated
use progressively concentrates on a small subset of
names. Consistently, the rank-frequency (r — f) dis-
tributions measured at the end of the simulations dis-
play a broad, power-law-like hierarchy, compatible with
the data. Here, names are ordered by descending fre-
quency (r = 1 for the most common), revealing a struc-
ture dominated by a few highly frequent names along-
side a long tail of rare ones.

Modeling rare but prestigious reigns

To understand these patterns, we introduce the Rein-
forcement and Innovation through Prestige (RIP) model,
a minimal stochastic framework assuming that naming
choices are determined by the interplay between inno-
vation dynamics and prestige-driven name reuse. Note
that, depending on the historical dataset, the meaning
of prestige can vary (see Supplementary Note 1). In
our model, at each step, with probability p(¢) a succes-
sion event introduces a previously unused name rather
than reusing one from the existing repertoire. Otherwise,
an already used name is chosen according to the ac-
cumulated prestige by its predecessors. After a name
is chosen, the prestige of that name is incremented
considering a prestige-increment distribution P (K'), with
mean given by x = E[K] and variance ¢? = Var(K) =
E[K?] — p2. Note that 0 < u (0 > ) produces ho-
mogeneous (heterogeneous) individual contributions to
the prestige accumulated by each name in the dynasty.
Note that, when o? = 0, prestige becomes proportional
to abundance, and this recovers rich-get-richer dynam-
ics.

In Fig. 1d-f we show a realization of the model for each
dataset using the innovation function p(t) averaged over
a centered rolling window of length 3 as input data and
the distribution P (K) fitted as described in Methods.
Comparing with the real data in Fig. 1a-c, we appreciate
that the RIP model captures the abrupt rises in the long-
term popularity of individual names. These cascades
are then a direct consequence of rare events of prestige
gain, since heavy-tailed reinforcement naturally leads to
extended periods dominated by a single name.

Furthermore, the top rows in Fig. 1g-i show that the
RIP model also matches the macroscopic statistics of
onomastics. The variance of the simulated name distri-
bution V(t) averaged over 1000 runs of the model aligns
closely with the data. Moreover, in Egs. (15)-(S.52) in
the Methods section, we have derived an analytical pre-
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FIG. 1. Innovation and rare but prestigious reigns explain the onomastics of powerful dynasties. a-c Number of popes,
Egyptian pharaohs, and Roman emperors respectively, bearing each name across chronologically ordered reigns. d-f Output
of a single run of the RIP model. The insets show the evolution of the number of distinct names (M (¢) in bottom rows) over
time. g-i Top: Variance of name frequencies in the data compared with 1000 simulations of the RIP model and with the analytical
expression from Egs. (15)-(S.52). Bottom: rank-frequency distribution of names. The plots show the frequency f; of each name ¢
as a function of its rank r;, comparing the empirical data with the mean outcome of 1000 simulations of the RIP model +1¢. Note
that we standardize the name data by isolating the primary component of authority in each dynastic tradition (see Methods).

diction for the time evolution of the variance that fairly =~ Supplementary Fig. 3), the continued growth of the vari-
reproduces the data. From this analytical treatment we  ance trajectories in Fig. 1g—i is consistent with the model

also find that, for constant innovation p(t) = p, the vari- framework.
ance is asymptotically bounded only above a critical rate
pe = 1/2. Below this value, V(t) diverges as ¢t — oc. Finally, the RIP model produces strong inequality in

Since innovation decays below p. in all datasets (see  the frequency of names compatible with the one ob-
served in the actual data (see the bottom rows in Fig. 1g-
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FIG. 2. Prestige explains what random copying and rich-get-richer dynamics miss about onomastics. a Root mean square
error (RMSE) of the variance of the name distribution for the random, rich-get-richer, and RIP models. Shaded bars represent the
RMSE that a trajectory at distance 10 of the mean of the trajectory would produce. If a point is inside its corresponding bar, the
empirical trajectory is compatible with a random realization of the model at 1o confidence. Prestige bars below labels indicate the
prestige indicator ¥. b-d Examples of datasets where prestige is or is not required for explaining onomastics. Background colors
group the traditions based on the simplest mechanism that accounts for their variance trajectory. Specifically, blue denotes cases
explained by the random model (as well as rich-get-richer and RIP), orange refers to dynamics accounted for by rich-get-richer
(and RIP), and red highlights instances where prestige (RIP) is explicitly required to explain the trajectory.

i). In the Supplementary Fig. 1 we show the agreement
for the remaining datasets.

On the necessity of rare but prestigious reigns

The agreement between the RIP model and the em-
pirical trajectories raises a natural question: is hetero-
geneous prestige necessary, or can the observed dy-
namics be explained by simpler reuse mechanisms? To
address this, we compare the RIP model with two base-
lines: a random-choice model, in which reused names
are selected uniformly from the existing repertoire, and
a rich-get-richer model, in which reused names are se-
lected proportionally to their previous abundance (note
that this corresponds to the limit case 02 = 0 in the
RIP model). In Fig. 2a we plot with a point the root
mean square error (RMSE) of the average variance of
1000 simulations of the name distribution with respect to
the actual data for the random, rich-get-richer, and RIP
models, and with shaded bars we plot the RMSE that a
trajectory at distance +1¢ of the average of the simula-
tions would produce. In this sense, if the point is inside
the bar, it means that the empirical data is compatible at
1o confidence with an arbitrary realization of the model.
Supplementary Fig. 2 in Supplementary Note 2 shows
an alternative benchmark based on Bayesian informa-
tion criteria.

In all datasets except Ottoman sultans, Russian tsars,
and Holy Roman emperors, the Random model’s ten-
dency is not consistent with the variance evolution. In
the aforementioned three specific datasets, the dynam-
ics do not require either prestige or a rich-get-richer
mechanism to be explained. Indeed, Fig. 2d shows
that the Ottoman sultans trend is better explained by
the Random case. Out of the other datasets, the rich-
get-richer mechanism with innovation turns out to be
as likely as the RIP model to explain Danish monarchs,
Constantinople patriarchs, and Spanish monarchs (see
Fig. 2c to see the evolution of the variance for the Span-
ish monarchs). More importantly, however, for several
of the most powerful dynasties in history (Pharaohs, En-
glish monarchs, Roman emperors, and popes), prestige
is crucially required for explaining dynastic dynamics.

Notice that in those datasets where the RIP model
outperforms the RGR and Random alternatives it is due
to the fact that the variance of the distribution of names
in the RIP model (Vrip) is substantially larger than
what RGR (Vrcr) and Random (Vi) models can pro-
duce (see Fig. 2b for the Roman emperors case). We
can compare the performance of the three models an-
alytically when assuming that the prestige-driven model
starts from an initial condition such that the initial pres-
tiges are given by the abundances multiplied by the av-
erage of the prestige distribution, p. As derived in Sup-



plementary Note 3, we obtain that
Vrip(t) > Vrer(t) > Vr(t). (1)

The first inequality follows from the additional het-
erogeneity induced by random prestige increments,
whereas the second follows from the reinforcement of
already abundant names in the rich-get-richer mecha-
nism. Random reuse lacks both amplification mecha-
nisms and therefore produces the smallest abundance
variance within this comparison.

The condition in Eq. (1) holds in general. Nonethe-
less, to make the first inequality explicit, we consider an
analytically tractable non-innovation regime, such as the
one appearing in papal names for over a millennium (see
the inset in Fig. 1d). In this closed-repertoire limit, the
evolution of the variance is fully described by the num-
ber of initial name choices Ny and the number of differ-
ent names M,. Starting from the same initial conditions,
we derive in the Supplementary Note 3 that the variance
in both the prestige-based and the rich-get-richer mod-
els grows quadratically with time (see Egs. (21)-(22) in
Methods). From those expressions, the excess hetero-
geneity generated by the prestige model is given by

1 o?
MoNy p?

Equation (2) shows that, although both mechanisms
produce quadratic variance growth in the absence of in-
novation, heterogeneous prestige increments increase
the prefactor of this growth. Thus, prestige-driven rein-
forcement yields a strictly larger variance than rich-get-
richer dynamics whenever o2 > 0.

Based on Eq. (1), we can define an indicator for
the need of prestige to describe the dynamics in terms
of the first two moments of the prestige distribution as
U = o2/u?. Below each label in Fig. 2a, we plot a bar
with length U. Clearly, those datasets that are better ex-
plained by the RIP model are those with a larger value of
¥, meaning that in those cases where the prediction of
the RIP model is similar to that of the rich-get-richer or
random models are those where the distribution of pres-
tiges that best describes the data does not feature rare
events with large prestige.

VRIP (t) — VRGR(t) ~ (No + t)2. (2)

DISCUSSION

For a ruler, choosing a hame is both a symbolic act
and a historical marker. Our analysis indicates that long-
term patterns in dynastic names can be described using
statistical features found in all kinds of natural systems,
being stochastic extreme and rare increments in the ac-
cumulated prestige of some lineages necessary to de-
scribe many powerful dynasties.

The Reinforcement and Innovation through Prestige
(RIP) model offers a compact quantitative framework
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to understand the onomastic trends in a wide range of
powerful dynasties. With minimal assumptions, it re-
produces the marked inequality in name frequencies,
the long persistence of preferred names, and the abrupt
changes triggered by rare prestige increments. Rather
than reducing these patterns to standard frequency-
based reinforcement, the RIP model defines a prestige-
driven reinforcement process in which highly stochastic
prestige increments drive naming choices.

The same formulation also admits a growing net-
work interpretation, where rulers are prestige-endowed
nodes, and name lineages are connected components
whose growth is driven by the accumulated prestige of
their members (see Supplementary Figs. 4 and 5 in Sup-
plementary Note 4). In this sense, the model also pro-
vides a framework for network growth based on accu-
mulated stochastic fitness, distinct from pure structural
rich-get-richer dynamics [56, 57] or hybrid approaches
where fitness acts as a multiplicative factor of connectiv-
ity [65].

We analyze several different naming traditions. While
both secular and religious naming systems transi-
tion from initial linear innovation to periods with zero-
innovation plateaus, their underlying mechanisms di-
verge. Secular monarchies rely on dynastic conser-
vation, creating shorter, intermittent plateaus of name
reuse. Conversely, the papacy features a unique,
millennial-long institutional plateau of complete stagna-
tion that was only broken by Pope Francis | (see Sup-
plementary Note 1 for more context). These structural
variations reveal why some traditions can be modeled
by a rich-get-richer framework, whereas other systems
like the papacy or Egyptian pharaohs require extreme,
event-driven spikes in name prestige to introduce new
trends.

Overall, in this work we show how historical sources
examined through methods from complex systems can
reveal stable structures beneath centuries of political
change, cultural evolution and theological shifts. This
framework can be applied to other naming traditions,
leadership sequences, or institutional lineages, opening
a quantitative path for analysing the evolution of social
and symbolic conventions. Our results also suggest that
long-lived symbolic institutions may evolve through the
interplay of steady background dynamics and rare, high-
impact events.

Crucially, our work addresses a fundamental open
question in cultural evolution: whether random sampling
is the primary driver of stochasticity compared to factors
like innovation, bursty trends, or decision-making [52].
We approach this problem through the lens of onomas-
tics, offering unique empirical insights drawn from the
naming data of powerful historical dynasties: random
sampling with innovation is not enough to describe the
naming dynamics of some of the most powerful dynas-
ties. However, the phenomenon of name prestige, for-



mulated here as stochastic extreme and rare reinforc-
ing events, is not confined to royal naming conventions.
Instead, our framework may apply broadly to socio-
technical and cultural analyses of innovation, trends,
and social norms, aligning with recent investigations into
these dynamic processes [66—69].

DATA AVAILABILITY STATEMENT
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METHODS

Name standardization

We standardize the name data by isolating the pri-
mary component of authority in each dynastic tradition.
In the case of the Roman emperors, we isolate the cog-
nomen. In the case of monarchs, we restrict the analysis
to the primary regnal proper name (e.g., King George VI
is considered as George). We limit the analysis of papal
names to the chosen proper name (e.g., Jorge Bergoglio
is Francis). In the case of the pharaohs, we discard the
first four titular names, isolating the nomen, as it is the
case of the Ottoman sultans, where we analyze the core
regnal name, omitting all introductory and concluding tit-
ular formulas.

Prestige-driven innovation-reinforcement model

We model the temporal evolution of papal hames as
a stochastic process combining innovation and prestige-
driven reinforcement. At each election time ¢, the set of
names that have already appeared is denoted by A(),
with M (t) = |A(¢)|. Each active name i € A(t) is charac-
terized by its abundance n;(t), defined as the number of
times the name has been used, and by its accumulated
prestige z;(t). The total prestige in the system is

> (). (3)

JEA(t)

X(t) =

At election t, a new name is introduced with probability
p(t). With complementary probability 1—p(t), an already
active name is reused. Conditional on reuse, name i is
selected with probability proportional to its accumulated
prestige. Therefore, the unconditional probability that an
already active name i € A(t) is chosen is

P == 0] 3. (@

The probability that the election introduces a new name
is

Pnew () = p(t). (5)

Whenever a name is selected, its prestige increases
by a random increment K, independently drawn from
a prestige-increment distribution P(K), with mean p =
E[K] and variance o2 = Var(K). If an already active

name i is reused, then
ni(t—&—l):m(t)—&-l, xi(t—l-l):xi(t)—i—K(t). (6)

If innovation occurs, a new name m ¢ A(t) enters the
system with

np(t+1)=1,
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Thus, innovation does not create empty types: each new
name enters with one observed use and an initial pres-
tige sampled from the same distribution that governs
later prestige increments.

The total number of name elections is

Nty = > ni(t), (8)

i€A(L)

and grows as N(t) = Ny + t. The expected number of
distinct names follows

M(t) = My Jr/o p(s)ds. 9)

Prestige distribution

In the RIP model, each reign contributes a positive
prestige increment K to the name under which it oc-
curs. We model these increments as independent ran-
dom variables drawn from a truncated power-law distri-
bution,

P(K)=CoaxK™®,  1<K<&, (10)

where o > 0 is the power-law exponent, x > 1 is the
upper cutoff, and C,,,, is the normalization constant. The
exponent « controls the heaviness of the tail, whereas
k fixes the largest possible prestige increment. Thus,
smaller values of « or larger values of s both increase
the potential role of rare but highly prestigious reigns.

We can connect the parameters of the truncated
power law distribution with the mean and variance as
follows. The mean prestige increment is

1l—ak? -1
=EK]=——"—— 11
wla, w) = E[K] = o— 5o, (11)
and the variance of prestige increments
l—ar3*—1 l—ar?> -1
3—arl—2—1 2—akl—a—1

2
o*(a, k) = } . (12)
Note that in the special cases o = 1, 2, 3 the correspond-
ing expressions can be obtained as logarithmic limits.

Fitting the prestige distribution

Because each naming tradition requires different
magnitudes of rare events, the prestige distribution must
be tailored to each dynastic time series. To achieve this,
we evaluate an («, k) parameter grid across 100 simula-
tions, identifying the optimal («, ) point that minimizes
the RMSE between the average simulated variance and
the empirical variance. For the innovation rate, we com-
pute a smoothed p(t) using a centered rolling window
of length 3. The results of this optimization process are
presented in Table I.



TABLE I. Optimal fit parameters for P(K) in Eq. (10) obtained
through RMSE minimization.

Tradition K «

Spanish monarchs 105 4.98
Danish monarchs 374 3.90
English monarchs 70 1.82
Russian tsars 1 -

Roman emperors 585 2.71
Pharaohs 244 1.31

Holy Roman emperors 1 -
Constantinople patriarchs 330 4.22
Ottoman sultans 1 -
Popes 209 3.07

Quantifying the empirical variance

To quantify the heterogeneity of name abundances,
we consider the empirical variance over the active reper-
toire,

S QM) [N®B]?
where we have introduced the second abundance mo-
ment

Q)= > ni). (14)

IEA(t)

We approximate the expected evolution of this quan-
tity through a continuous-time second-moment closure.
We now aim to compute the theoretical variance

-3 -

Vn(t) = 275 —

710 (15)

Besides Q(t), we define the abundance—prestige
mixed moment

Y(t) = Z ni(t)zi(t), (16)

i€A(L)

and the prestige second moment

W)=Y 23 (17)
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As derived in the Supplementary Note 2, for an arbitrary
innovation function p(t), the formal solution in Eq. (13)
can be written explicitly by computing Eq. (9) and the
second moments as follows:

W(f) — 62G1(t) |:WO+(,U2+O'2) /te_QGl(S) d8:|7 (18)
0

Y(t) = 4O (19)

s SO

— 2 rt
Q) = Qu+t+ 2 [ 1) 5 ds (20)

being G1(t) = f; 1;,’(’1(;)‘) du.

RIP vs. RGR in the limit scenario of no innovation

To get an analytical insight into the excess variance in-
duced by the heterogeneous prestige distribution, let us
consider the closed-repertoire limit, p(t) = 0, for which
the number of active names remains fixed, M (t) = M,,
while the total number of choices grows as N(t) =
Ngo +t.

For the prestige-driven model, the empirical abun-
dance variance scales as (see the full derivation in Sup-
plementary Note 2)

Vi, rip(t) (21)
1 Wo 1 o? 1 9
o (2 1 T ) - = (v
[Mo (MzNo2 - No [ * M2]> M(?} (No+1)",

where Wy = Y- 22(0), 4 = E[K], and o2 = Var(K).
For the pure preferential-attachment model, in which
reused names are selected proportionally to their cur-
rent abundance, the corresponding leading-order ex-

pression is

_ 1 1 1
Vn.RGR(E) ~ L\éfo <g§ + N0> - ]\402:| (No + )%, (22)

with Qo = Y2 n2(0). Thus, in the absence of
innovation, both reinforcement mechanisms generate
quadratic growth of the abundance variance, but het-
erogeneous prestige increments increase the prefactor
through the dimensionless ratio o2 /2.

If both processes are initialized consistently, x;(0) =
un;(0), so that Wy = 12Qo, Egs. (21)—(22) yield Eq. (2).
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SUPPLEMENTARY NOTE 1: ONOMASTICS

The role of prestige in each dataset

Name selection varies significantly across ruling traditions. In several monarchies, rulers traditionally reigned under
their primary baptismal name. In other royal systems monarchs selected from a composite of multiple baptismal
names, as exemplified by King George VI of England, whose full baptismal name was Albert Frederick Arthur George.
In contrast, ancient Egyptian pharaohs systematically adopted regnal names upon ascension. In the case of popes,
name change did not establish itself as an institutional trend until approximately the year 900 with the election of
John X (with only two prior pontiffs changing their names).

Due to these operational differences, the symbolic prestige of names acts differently in each ruling system. We
operationalize prestige as the probability of a name being selected based on the historical legacy and achievements
of its prior holders. Within dynastic, hereditary frameworks, the assignment of a given name to an heir reflects a
naming tradition in a given family or lineage. However, when an emperor or pope consciously adopts a specific
name upon installation, it serves as an exercise in political marketing, drawing upon the accumulated prestige of that
lineage to project institutional continuity, stability, and power.

Papal onomastics

The bishops of Rome have occupied a special place in the naming culture over the last two millennia. In the Middle
Ages, a name was never a neutral label. Naming was a social act that inscribed an individual into kinship networks,
local traditions, and patterns of patronage, and it was often a religious act that invoked the protection or imitation of
a saint [70]. By the seventh century in Western Europe, local customs largely determined naming patterns, yet a
gradual convergence toward a more universal repertoire can be detected, even as communities clung to their own
onomastic habits. At the same time, demographic growth and new administrative demands drove a shift from single
names to hereditary surnames, while the stock of given names shrank in what has been described as an onomastic
deflation [70]. Before Francis, the papal names had been repeated for more than a millennium.

The papacy’s own naming history divides neatly into two long stages. Across roughly the first millennium, almost
every pope retained the name he bore at the moment of election [3]. Romans, Greeks, Africans, Jews, and others
ascended the Holy See and brought with them names rooted in different linguistic and cultural worlds. The early
papal onomasticon thus mirrors the diversity and relative fluidity of late antique and early medieval Christian society.

The transition from this first stage of stability to a second one governed by papal self-naming was triggered by
an intricate political history. Between the mid-ninth and mid-eleventh centuries, Rome and its church were buffeted
by internal factionalism, intervention from Frankish and German emperors, competition with Constantinople, and
threats from Muslim powers [4]. In this context, an “anomalous” interlocking series of Popes John and Benedict
emerged between the ninth and eleventh centuries, during which the two names reached exceptionally high rates of
reuse [4]. Their recurrence tracked the influence of powerful Roman lineages such as the Crescentii and the counts
of Tusculum and showed how strongly emperors were steering papal affairs at different moments [4, 5]. Several of
these Johns and Benedicts were murdered, deposed, accused of simony or immorality, or installed and removed by
secular patrons.

It is in the wake of this crisis that papal onomastic innovation abruptly disappears, starting with John X in 914.
Gradually, papal self-naming becomes established. What had been an occasional expedient (e.g., Mercurius taking
the name John Il in 533 to avoid a pagan theonym) turned into a custom endowed with theological and political
meaning. The reforming German popes installed by Henry Il in the mid-eleventh century chose new names that
linked them to ancient martyrs and revered bishops of Rome even as they signaled a break with the scandalous
recent past [4]. By changing their names, popes could also imitate the biblical pattern of Peter and Paul, dramatize
the spiritual transformation implied in their election, and underline the separation of their office from secular family
ties and worldly careers, in harmony with the broader reform agenda that sought clerical celibacy and autonomy [3].

Once introduced, the new practice quickly crystallized into an onomastic tradition with its own internal logic. Name
choice allowed a newly elected pope to weave himself into a chain of predecessors and saints while projecting a
future program for his pontificate [4]; now, popes are telling stories when choosing a name. High medieval popes
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overwhelmingly selected names of early bishops of Rome. In later centuries, the pattern shifted from emulating the
distant patristic past to honoring more recent predecessors, family connections, religious orders, or the symbolic
content of a name. In all these cases, the underlying criterion remained the same: names carried accumulated
prestige, and choosing one meant tapping into the symbolic capital built by earlier pontiffs or revered figures. For
example, Pius Il famously drew on Virgil's epithet “pius Aeneas” when selecting his own name; John XXIII resur-
rected a neglected, even tarnished, name for reasons ranging from family homage to local patronage and modest
expectations of a short pontificate; and John Paul | crafted an unprecedented double name to signal continuity with
both John XXIIlI's pastoral warmth and Paul VI's administrative skill [3, 4]. More recent popes, such as Benedict
XVI, have explicitly explained their choices as bids for peace, reform, or alignment with particular spiritual traditions,
making the act of naming itself a first narrative gesture of their pontificates [4].

The long pattern of reusing established papal names ended with the election of Pope Francis in 2013. He was the
first Jesuit pope, the first from Latin America, and the first pope named Francis. His choice introduced a new phase
in papal naming, one that has continued with the recent election of Pope Leo XIV.

Onomastics of powerful dynasties

In Supplementary Fig. 1 we expand the analysis of Fig. 1 to the remaining dynasties.
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Supplementary Fig. 1. a-g Number of Danish monarchs, English monarchs, patriarchs of Constantinople, Spanish monarchs,
SRGE Holy Roman emperors, Ottoman sultans and Russian tsars, respectively, bearing each name across chronologically or-
dered reigns. h-n Output of a single run of the RIP model. The insets show the evolution of the number of distinct names (M (¢) in
bottom rows) over time. p-v Top: Variance of name frequencies in the data compared with 1000 simulations of the RIP model and
with the analytical expression from Egs. (15)-(20). Bottom: rank-frequency distribution of names. The plots show the frequency
fi of each name i as a function of its rank r;, comparing the empirical data with the mean outcome of 1000 simulations of the RIP

model +1o.
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SUPPLEMENTARY NOTE 2: BIC AND AIC FOR ASSESSING THE GOODNESS OF THE FIT

The Akaike Information Criterion (AIC) and the Bayesian Information Criterion (BIC) are statistical tools used for
model selection that balance how well a model fits the data with its complexity to prevent overfitting. AIC focuses pri-
marily on minimizing information loss and optimizing predictive performance on new datasets, which can sometimes
lead it to choose overly complex models in large samples. Conversely, BIC introduces a stricter penalty that depends
on the total sample size, favoring more parsimonious, simpler models and demonstrating statistical consistency by
asymptotically selecting the true data-generating model if it is among the choices.

When we only have RMSE data available instead of a direct log-likelihood value, AIC and BIC can still be computed
under the assumption that the model’s residuals are independent and identically normally distributed. In this case,
the maximized log-likelihood simpilifies into a direct function of the sample size and the log-RMSE. We have then

AIC = 2nIn(RMSE) + 2k
and
BIC = 2nIn(RMSE) + k1n(n),

where n represents the number of observations and & denotes the total number of parameters. Therefore, the lowest
the BIC or AIC, the better.
In Supplementary Fig. 2 we show the performance of RIP, rich-get-richer and random models for each dataset.

1000

RGR (k=0)
RIP (k=2)
R (k=0)

750
500
2501 AIC
BIC

80 000

-250

Information criterion

=500

=750

.‘t’ \\" % ‘é‘ wu.uaw, ‘
X am %s
3 & -?- = Olp &% Inl’s @~

Supplementary Fig. 2. Goodness of the fit for prestige, rich-get-richer and random models in terms of two additional metrics,
the Bayesian and the Akaike Information Criterions. The horizontal labels correspond to the symbols shown in Fig. 2.
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SUPPLEMENTARY NOTE 3: THE REINFORCEMENT AND INNOVATION THROUGH PRESTIGE (RIP) MODEL

Reinforcement and Innovation through Prestige (RIP) model

We consider a stochastic model for the temporal evolution of names. At each name election, either a new name is
introduced or one of the names that have already appeared in the historical record is reused.

Let A(t) denote the set of active names before election ¢, and let M (t) = | A(t)| be the number of distinct names
observed up to that point. Each active name i € A(t) is characterized by two variables: its abundance n;(t), defined
as the number of times the name has been used, and its accumulated prestige z;(t). The total prestige in the system
is

X(t) =Y (). (S.1)

JEA(t)

At election ¢, innovation occurs with probability p(t) € [0,1]. If innovation occurs, a new name m ¢ A(t) is
introduced. If innovation does not occur, one of the already active names is selected with probability proportional
to its accumulated prestige. Therefore, for an already active name i € A(t), the unconditional probability of being
chosen at election ¢ is

- _ .%‘l(t>
The probability that election ¢ introduces a new name is
Prew(t) = p(t). (S.3)

We define the innovation indicator J; which takes value J; = 1 if election introduces a new name and J;, = 0
otherwise, with E[J;] = p(t). We also define the reinforcement indicator Z;, = 1 — J;, so that Z, = 1 when election ¢
reuses an already existing name, and Z; = 0 when election ¢ introduces a new name.

Whenever a name is selected, its prestige increases by a random increment K, independently drawn from a
prestige-increment distribution P(K). We denote its mean, variance and second moment by u = E[K] > 0, 0% =
Var(K) and ms = E[K?] = p? + o

Therefore, if an already active name i € A(t) is selected at election ¢, then its abundance and prestige evolve as

ni(t+1) = ny(t) +1, (S.4)
zi(t+1) = x;(t) + K(t), (S.5)

where K (t) is drawn from P(K). All other active names j # i remain unchanged during that election.
If innovation occurs, a new name m ¢ A(t) enters the system. lts abundance and prestige are initialized as

Mt +1) = 1, (S.6)
Tm(t+1) = K(), (S.7)

where, again, K (t) is drawn from P(K). Thus, innovation does not introduce an empty type: a new name enters the
system with one observed use and with an initial prestige drawn from the same prestige-increment distribution that
governs reinforcement events. After innovation, the active set is updated as A(t + 1) = A(t) U {m}.

The model therefore combines two mechanisms. The function p(¢) controls the opening of the name repertoire
through the introduction of new names. The prestige variables z;(t) control the reinforcement dynamics among
already active names. Large values of p(t) favor innovation and repertoire expansion, whereas small values of p(t)
favor the reuse of established names through prestige-driven reinforcement.
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Growth of the repertoire and variance of nhame abundances

We now derive the expected growth of the number of distinct names and the time evolution of the variance of name
abundances in the RIP model. Let

N = 3 m) (S.8)

i€A(L)

be the total number of name elections recorded up to time ¢. Since exactly one name is assigned at each election,

N(t) = Ny +t, (S.9)

where N, is the number of elections already present in the initial condition.
The number of active names evolves according to

t—1
M) =M+ > Js (S.10)
s=0
Since E[J,] = p(s), we obtain E[M (t)] = My + Zi;}) p(s). In a continuous-time approximation, this becomes

M(t) = My —i—/o p(s)ds. (8.11)

We next consider the variance of the abundance distribution over the set of active names. We define the empirical
variance

1 | N(t)]?
V(t) = iY0) Zg%) [nz(t) — M(t)} . (S.12)
Introducing the second moment
Q)= > nl(t), (S.13)
IEA(t)
the variance can be written as
_ Q1 [Nw]
V(t) = M) L\Mt)] . (S.14)

Therefore, the problem reduces to obtaining the evolution of Q(¢).

Determining the evolution of Q(t)

If election ¢ is an innovation event, a new name enters with abundance n,,, (¢ + 1) = 1. Hence,

ACQ(t)‘innovation =1 (8-15)

If election ¢ is a reinforcement event and an already active name i is selected, then

ni(t+1) =n(t) + 1, (S.16)
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and therefore

ACQ(t)|reim‘orcement = [nz (t) + 1}2 - n? (t) = Qni(t) + 1L (8-17)

Using the prestige-driven selection probability in Eq. (S.2), we obtain the exact conditional evolution given all the
previous information about the state of the system F3,

EIAQU) | ] = p(t) + 11— (0] 3 T8 an,(1) 1], (S.18)

We can introduce the abundance-prestige second moment

Y = 3 ni(dwi(t), (5.19)

iEA(1)
and since >, c 4y zi(t)/ X (t) = 1, Eq. (S.18) simplifies to
Y(t)

E[AQ(t) [ F2] =1+ 21 - P(t)]m- (S.20)

Equation (S.20) is exact, but it is not closed because the second moment of abundances depends on the evolution
of the prestige and the correlation between abundance and prestige.

To close the calculation, we derive the evolution of X (¢) and Y (¢). The total prestige increases by one prestige
increment at every election, either because a new name enters with initial prestige K, or because an already active
name receives an additional prestige increment. Thus,

E[AX () | Fi] = u, (S.21)

and, at the level of expectations, X (t) ~ X, + ut. If the initial prestige is proportional to the initial number of
elections, this can be written as

X(t) ~ uN(t). (S.22)

Then, lets derive Y (¢). If innovation occurs, a new name enters with n,,,(t + 1) = 1 and z,,(t + 1) = K(¢t), and
hence

AY(t)hnnovation = K(t) (8.23)

If an already active name i is selected, then

ni(t+1) =n(t) + 1, zi(t+1) =xz;(t) + K(t). (S.24)

Therefore, the contribution of name i to Y (¢) changes as

AY(ﬁ)|reinforcement = [ni (t> + 1][-1'1 (t) + K(t)] — Ny (t)fL‘i (t) (825)
— (1) + K (8)ns(t) + K (2). (S.26)

Averaging over the prestige increment and over the selected name gives

zi(1)
X()
W) | Y@

=p+[1—p()] {X() + (t)] (5.28)

HAlefﬂ=p®u+D—p®}§: E fwat) + pma(t) 4+ 4 (5.27)

1€EA(
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where we have introduced the second moment of prestige,
W(t)= Y (1) (S.29)
i€ A(t)
Again, Eq. (S.28) is not closed, and depends on the evolution of W (¢). If innovation occurs, a new name with
prestige K is introduced, and therefore
AW (t) = K2 (S.30)

If an already active name i is selected, its prestige changes as

zi(t+1) = 2;(t) + K (1), (S.31)

so that

AW () = [m;(t) + K(1))> — 23 (t) = 2K (t)z;(t) + K(t). (S.32)

Conditioned on a reinforcement event, the probability that the selected active name is i is x;(¢)/X (¢). Equivalently,
the unconditional probability of selecting name i is [1 — p(¢)]z;(t)/ X (t), consistently with Eq. (S.2). Averaging over
the prestige increment and over the prestige-driven choice of the selected name gives

€T (t)

BIAW (W) | 7] = plyma-+ 1 p0] 3 T 1) + o (5.33)
iEA(L)
— ma + 2ull - (O] (5.34)

where we have used again that the prestige-weighted probabilities sum to one. Note that the variance of prestige
increments does not enter directly in the update of the abundances n;(t). Instead, it modifies the dispersion of
accumulated prestige through W (t). This affects the abundance—prestige coupling Y (¢), which in turn controls the
growth of Q(t) and therefore the variance of name abundances.

In a continuous-time second-moment closure, we replace random quantities by their expected values and recall
that X (t) ~ uN(t). We finally obtain the closed system

% 0 (S.35)
% = 12 4+0%4+2(1 - p(t))?vf((:)), (S.36)
= -t [0 2O s37)
% — 142(1- p(t));;ég). (S.38)
The expected empirical variance is then approximated by
v~ 20 (M) (:39)

This provides the desired general expression for arbitrary innovation function p(¢). Equations (S.35)—(S.38) can
be integrated numerically for any prescribed p(t), and Eq. (S.39) gives the corresponding predicted variance of the
abundance distribution.
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For completeness, the formal solution for arbitrary p(t) can also be written explicitly. Let

_ M=) _
Gy(t) = |~ du,  Gao(t) = 2G4 (1) (S.40)
Then
M) = Mo—i—/t,o(s) ds, (S.41)
0

W(t) = &2 |:W0+(,u2—|—0'2)/ e~ G209 ds}, (S.42)
Y(t) = 50 {YO+ /O e~ G10) <u+(1p(s))lzfv(is)))ds}, (S.43)
Q = g t —p(s 7(3) s
Q) = Qu+t+ - [ (1= pl) s (8.44)

Substituting these expressions into Eq. (S.39) gives the abundance variance for a general innovation function p(¢).

Limit scenario of no innovation

In the non-innovation case, p(t) = 0, the number of names is fixed, and therefore the evolution of the active names
reads M(t) = My. We use Eq. (S.9), recalling that p(t) = 0. Since N(t) = Ny + ¢, we have dN/dt = 1, and we can
equivalently use N as the time variable. Therefore, Eq. (S.36) can be solved explicitly as

W) = N1 V;Og + (12 +0?) (;O - 1\71(7:))] (S.45)
= BwN2(t) — (u® + o?)N(2), (S.46)
being
By = ]WVE’ w ;0”2. (S.47)
Hence, the leading-order behavior is
W (t) ~ By N%(t), (S.48)

and shows explicitly that the heterogeneity of the prestige increments modifies the leading growth of the accumulated-
prestige second moment. We now propagate this leading contribution through the moment hierarchy. Again, we can
equivalently use N as the time variable. This way, Eq. (S.37) becomes

vy Y (N)
W—N—M-F /LN . (849)
Using Eq. (S.46) and integrating, we obtain
= o YO BW . . O’2 N(t)
Y(t) = N(t) {No + 7 [N(t) — No) n log [ N | [ (S.50)
The dominant term is thus
Y(t) ~ B—WNQ(t). (S.51)
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We now use the leading contribution in Eq. (S.51) to solve the differential equation for the abundance second
moment, Eq. (S.38). After retainig the dominant linear contribution, we obtain

@ayvﬁgwﬁw. (S.52)

Finally, since the repertoire is closed, M (t) = My, and using Egs. (S.9)-(S.47)-(S.52) the approximated empirical
abundance variance in Eq. (S.39) is

— 1 WO 1 0—2 1 2
70~ (5 (g [+ ] )~ 0o+ 0? 559

which for large t yields a quadratic asymptotic behavior V(t) ~ ¢2. Importantly, this equation shows explicitly how
the prestige-increment variance enters the predicted abundance variance. The quadratic scaling comes from the
absence of innovation, whereas the prefactor is increased by the dimensionless prestige heterogeneity o2 /1.2

Limit scenario of full innovation

If every election introduces a new name, then there are no reinforcement events. If the initial condition consists
only of names that have appeared once, then Ny = My and Qo = M,. Consequently,

N(t) = My + ¢, M(t) = My +1t, Q(t) = My + ¢, (S.54)
and therefore when we substitute in Eq. (S.39) we obtain that
V(t) = 0. (S.55)

In this full-innovation limit, the prestige distribution still affects the accumulated prestige variables z;(t), but it has no
effect on the abundance variance because prestige never enters the selection of an already active name.

Limit scenario of constant innovation in the large-times limit

For constant innovation probability, p(t) = p, the not only the number of elections grows asymptotically as N (t) ~ t,
but also the number of active names. Integrating Eq. (S.11), we find that M (¢) ~ pt.

Since both N (t) and M (t) grow linearly with time, Q(t) must also scale with ¢ in order that the variance in Eqg. (S.39)
approaches a finite asymptotic value and does not diverge. This implies that d@ /d¢ must approach a constant.

We introduce the rescaled moments

W(t) Y (t)
U(t) = , V(it)=——=. S.56
(t) 2 (t) m (S.56)

For constant p, their equations are

dU o2 U

dv v Vv
so that Eqg. (S.39) becomes

dQ v

Again using dN/dt = 1, we look for linear asymptotic scalings U(N) ~ cy N, V(N) ~ cy N, Q(N) ~ coN.
Substituting U(N) ~ ¢y N into Eq. (S.57) yields

_1+o?/u?

w="g (S.60)
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Next, substituting U(N) ~ cy N and V(N) ~ ¢y N into Eq. (S.58), we get

1 1+02/u?
v =1 fiea-pE 2, (S61)
and using Eq. (S.59),
L 20 -p) SR
Substituting all the rescaling in Eq. (S.39), we find that the asymptotic abundance variance is
— CQ 1
V(o) = = — — S.63
(o0) > (S.63)
_1-p 2(1—p) a?
-4 {H (1% (S.64)

The denominator 2p — 1 shows that this finite asymptotic expression is well defined only for p > 1/2. For p <
p. = 1/2, reinforcement dominates strongly enough that the second moments no longer grow linearly with N(t);
consequently, Q(t)/M t) diverges and the abundance variance does not approach a finite large-time limit.

Supplementary Fig. 3 shows that the empirical innovation rates are not constant across the historical sequences.
Instead, after an initial innovation-dominated regime, p(t) decreases in all datasets, reflecting the progressive ex-
haustion or closure of the available name repertoire. Nonetheless, this decay places the long-time dynamics in an
effective low-innovation regime (below the aforementioned p. = 1/2), where reinforcement is no longer diluted by
the arrival of new names. Therefore, the continued growth of the variance trajectories observed in Fig. 1g—i and
Supplementary Fig. 1 is the expected outcome of the empirical innovation profiles.
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Supplementary Fig. 3. Empirical innovation profiles across dynastic naming traditions. Time-dependent innovation rate p(¢)
for the ten historical datasets, plotted as a function of normalized time t/tmax. The innovation rate is estimated from the empirical
sequence of name choices using a centered rolling window of length 30 for visual clarity.

Comparison with rich-get-richer and random sampling

We now compare the abundance variance generated by the prestige-driven model with that generated by pure
rich-get-richer. In the pure rich-get-richer model, established names are selected with probability

ROR () = 1~ p(r)) i) (5.65)
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which does not depend on the prestige. As a consequence, the second moment of the abundance distribution now
obeys the closed equation

dQgrar

o =1+2(1- p(t))w, (S.66)

N(t)

Note that pure rich-get-richer is recovered when prestige is exactly proportional to abundance, z;(t) = un;(t). In
that case, the rescaled moments U(t) = V() = Qrar(t), and the prestige-driven equation reduces to the rich-get-
richer equation.

To compare the two models, assume the same initial condition and take z;(0) = un;(0), so that U(0) = V(0) =
Qrcr(0). We define the differences AU(t) = U(t) — Qrar(t), AV (t) = V(t) — Qrar(t), and AQ(t) = Qrp(t) —
Qrer(t). Subtracting the rich-get-richer equation from the prestige-driven closure yields

02
dﬁitU = 5 t2(1=p(1)) Ajg(g), (S.67)
dﬁTV _ (1_p(t))AU<t>N+(t)AV<t>, (S.68)
%Q = 2(1—p(t) ANVé’;). (S.69)

Since 1 — p(t) > 0, N(t) > 0, 0*/p* > 0, and the initial differences vanish, these equations imply that AQ(t) > 0.
Therefore, Qrp(t) > Qrer(t). Since both models have the same N(¢) and the same expected number of names
M (t), the difference in abundance variance is

Vrie () — Vrar(t) ~ QRIP(%(SQRGR“). (S.70)
Hence,
Vrip(t) > Vrer(t). (S.71)

The inequality becomes an equality if prestige increments are deterministic, o2 = 0, provided that z;(0) = un;(0).
In that case, prestige remains proportional to abundance and the prestige-driven model collapses exactly onto pure
rich-get-richer.

Finally, we compare with a null model in which name reuse is not preferential. Innovation is kept unchanged: with
probability p(¢), a new name enters with abundance one. However, when no innovation occurs, an already active
name is selected uniformly at random. Thus, established names are selected with probability

pi(t) =1~ p(t)}W7 (8.72)

which does not depend on the prestige nor in the abundances. Therefore, now the second moment of the abundance
distribution obeys the closed equation

% =1+2(1— p(t))]\%. (S.78)

This should be compared with pure rich-get-richer in Eq. (S.66). The difference between the two mechanisms is
clear. Random reuse is controlled only by the mean abundance per active name, N(t)/M (t), whereas rich-get-richer
is controlled by the abundance-weighted mean, Qrr (t)/N(t). Since the abundance variance is non-negative,

Qrer(t) [N®)]°
s~ L] >© o
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we have Qrar(t)/N(t) > N(t)/M(t). Therefore, dQragr/dt > dQg/dt. With the same initial condition, this implies
Qrer(t) > Qg(t). Since both models have the same N(t) and the same expected number of active names M (t),
the corresponding abundance variances satisfy

Vrcr(t) > Vr(t). (8.75)

Combining this inequality with the comparison between prestige-driven reinforcement and pure rich-get-richer, we
obtain the hierarchy

VRIP (t) > VRGR(t) > VR(t). (876)

The first inequality follows from the additional heterogeneity induced by random prestige increments, whereas
the second follows from the reinforcement of already abundant names in rich-get-richer. Random reuse lacks both
amplification mechanisms and therefore produces the smallest abundance variance within this comparison.

Asymptotic Limits in the Closed-Repertoire Regime (No Innovation)

We consider again the closed-repertoire limit where the discovery of novel elements is suppressed, locking the
total number of unique names at a fixed baseline, i.e. M (t) = M.

RGR model: In the baseline pure rich-get-richer model, provided p(¢) = 0, Eq. (S.66) can be solved explicitly using
the integrating factor as

Qron(®) = |9+ 5 -~ g | VO s77

As chronological time advances to the asymptotic limit (¢ — oo, implying N(¢) — o), the transient 1/N(¢) term
vanishes, leaving the leading-order scaling behavior:

Qrer(t) ~ LQ\){;; + ]\lfo] N2(t). (S.78)

Then, substituting in Eq. (S.39) and recalling that M (t) = My and N(t) = Ny + t gives:

Vrar(t) ~ L&O (z%g - ;0) - J\M (No +1)% (S.79)

Random model: In the random reuse model, names are selected uniformly from the closed pool without historical
feedback. Provided p(t) = 0, Eq. (S.73) can be solved explicitly as

= N2(t) — N
@) = Qo+ IN() - Nl + U200, (5.80)
Then, substituting in Eq. (S.39) and recalling that M (t) = My and N(t) — Ny = t gives
5 _ (Qo N N(t) = No
t
= V(0) + A (S.82)

Substituting N (t) — Ny = t simplifies the continuous-closure random reuse variance to a strictly linear relationship

Vr(t) = V(0) + Mio (S.83)

The analytical expressions derived within this continuous-time closure framework in Egs. (S.53)-(S.79)-(S.83)
confirm the macroscopic asymptotic hierarchy

Vr(t) = O(1), Vrar(t) = O(t%), Vrip(t) = O(t?). (S.84)
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Clearly, the random model has a lower variance than the other two, as the growth depends linearly on ¢. Moreover,
we can substract the two asymptotic variances given by Eqgs. (S.53)-(S.79) to isolate the excess heterogeneity
generated by our model

1 o2

Vrip(t) — Vrar(t) ~ Mo N E

N2(t). (5.85)

This formula demonstrates that while both mechanisms drive a quadratic accumulation of variance, prestige-
driven reinforcement yields a strictly larger prefactor whenever the internal weights are updated via heterogeneous
increments (o2 > 0).

We note that solving the process using a continuous-moment closure introduces minor finite-size discretization
differences relative to an exact discrete-time calculation. For example, in the pure rich-get-richer model, the true
discrete-time Pdlya urn prefactor replaces the continuous-closure term:

]~ (W)

Ng No(No + 1) (5.86)

Similarly, for the random reuse model, the exact discrete-time calculation yields a linear slope of (Mg — 1)/M?
instead of the continuous-closure slope of 1/M,. These variations are strictly finite-size discretization corrections
that vanish as Ny — oo; they leave the underlying scaling laws and the asymptotic hierarchy qualitatively unchanged.

Limit scenario of full innovation

If every election introduces a new name, then there are no reinforcement events. If the initial condition consists
only of names that have appeared once, then Ny = M, and Qo = M, regardless of the model. Consequently, in all
cases

V(t) = 0. (S.87)

Limit scenario of constant innovation in the large-times limit

We now consider p(t) = p in the t — oo limit, where we recall that as N(t) ~ ¢t and M (t) ~ pt, N(t)/M(t) — 1/p.

RGR Model: For the macroscopic collective abundance variance to converge toward a stable, non-divergent finite
ceiling at long times, the second moment Qg (V) in Eq. (S.66) must scale linearly with the total system size N as
Qrar(N) ~ crgrN. Substituting the ansatz in Eq. (S.66) we are able to obtain that

_ 1
Vrar(oo) = R _ — (S.88)
p p
L—p
- . S.89
p*(2p—1) (589)

As in the prestige model, when the entry rate of novel elements drops below this critical threshold (p < 1/2), the
ongoing influx of innovation is no longer sufficient to dilute the competitive compounding advantages of early-mover
elements. In this weak-innovation regime, the raw second moment Qr¢g () grows strictly faster than linearly with
respect to N(¢) (scaling as O(tInt) at p = 1/2 and as O(t>~2¢) for p < 1/2). As a result, the collective abundance
variance diverges indefinitely, preventing the system from ever settling into a stable, stationary structural equilibrium.

Random Model: In the random case, we can directly substitute the stationary state limit N(¢)/M(t) — 1/p directly
into Eq. (S.73) and integrate the equation to obtain yields the leading order asymptotic rate of change:

_ 2
Qn(t) ~ Tpt. (S.90)
Substituting in Eq. (S.66) and taking the ¢ — co we are able to obtain that

Vr(c0) = 1;2”. (S.91)
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In this case, the steady-state solution is unconditionally stable and structurally bounded for any active innovation
rate p > 0.

Synthesizing these results for the strong-innovation regime (p > 1/2) where all the variances are defined, we
recover that

VRIP(OO) > VRGR(OO) > VR(OO) (392)

The first inequality (Vrip(oco) > Vrar(oc)) isolates the additional macroscopic heterogeneity injected by the
stochastic updates of prestige increments (quantified by the squared coefficient of variation o2 /x2). This inequality
collapses to a perfect identity if and only if prestige increments are purely deterministic (o2 = 0). The second inequal-
ity (Vrar(o0) > Vr(00)) emerges because history-dependent empirical feedback loops actively amplify early random
sampling fluctuations, whereas random reuse continually dampens fluctuations back toward a uniform baseline.
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SUPPLEMENTARY NOTE 4: ISOMORPHIC NETWORK MODEL

The RIP model can be represented as a growing network whose connected components correspond to names.
This duality offers a topological interpretation of naming history.

The network formulation

Each node represents one ruler, pontificate, or reign, and is endowed at birth with an intrinsic prestige value n, =
K,, drawn independently from the prestige-increment distribution P(K). At time ¢, let C;(t) denote the connected
component associated with name i. The abundance and accumulated prestige of name ¢ are then defined as

ni(t) =G, )= Y m, (S.93)
veC;(t)
and the total prestige in the system is
X(t) =Y wi(t) =D m- (S.94)

At each time step, a new node v; enters the system with intrinsic prestige 7,, = K, where K ~ P(K). With
probability p(t), the new node does not attach to any previous node. It therefore becomes the root of a new connected
component, corresponding to the introduction of a new name:

Tmew(t+1) =1, Znew(t+1) = K. (S.95)

With complementary probability 1 — p(¢), the new node attaches to one previous node u. The target node is
selected with probability proportional to its intrinsic prestige,

Ny

_
M0 = &= = i (S.96)

If uw € C;(¢), the new node joins component C;. Therefore,

ni(t + 1) = ni(t) +1, xi(t + 1) = l‘l(t) + K. (897)

Coarse-graining: from nodes to names

The probability that a reused name is i is the probability that the new node attaches to any node belonging to
component C;(t). Hence,

Pl = [=p®) 32 M) =[1-p0) 3 (5.98)
ueC;(t) ueC;(t)

Using the definition of component prestige,

u€C; (t)
we obtain
Pt = L= ot 555 (8.100)

which is exactly the reuse probability of the RIP model. Similarly, the probability of creating a new component is
Poew(t) = p(2). (8.101)

Thus, after coarse-graining connected components into names, the growing network is pathwise equivalent to the
RIP urn process.
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Relation to standard network growth models

This representation differs from classical preferential-attachment models. In the Barabasi—Albert model [56], at-
tachment is driven by degree, whereas here the target node is selected according to its intrinsic prestige and inde-
pendently of its degree. A node with small degree can therefore attract later rulers if its prestige is sufficiently large.
The model also differs from the Bianconi—Barabasi model [65], where attachment depends on a product of degree
and fitness. Here, the microscopic attachment rule is purely fitness-driven.

coarse-graining: names with larger accumulated prestige contain more total fithess and are therefore more likely to
attract future nodes. Innovation corresponds to the birth of new connected components. The RIP model is therefore
equivalent to a growing fithess forest with component birth, where component sizes are name abundances and
component weights are accumulated name prestige.

Realizations of the isomorphic growing network model

In Supplementary Fig. 4 we show network visualizations corresponding to one realization of the RIP model for each
ruling dynasty. The parameters of the prestige-increment distribution are those reported in Table 1. Nodes represent
individual rulers or reigns, connected components represent names, and node size is proportional to individual
prestige. In Supplementary Fig. 5 we further quantify these network structures through their degree distributions
P(k). The datasets for which prestige is required display broader degree distributions, indicating the emergence
of hubs generated by rare high-prestige reigns. In contrast, datasets well explained by random sampling dynamics
show steeper degree profiles, consistent with all nodes having the same prestige.
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Supplementary Fig. 4. Visual representation of the growing network model isomorphic to the RIP model. Nodes represent
individual rulers. Edges connect a new ruler to the specific predecessor selected with probability proportional to its individual
prestige, rather than to the most recent usage or the name’s founder. Consequently, distinct connected components emerge
naturally as lineages of names, where the size of each component corresponds to the name’s total frequency.
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Supplementary Fig. 5. Degree distributions of the network representation of the RIP model. Degree distributions P(k) of
the RIP growing network representation for the ten dynastic naming traditions, grouped according to the mechanism identified
in Fig. 2 of the main text. For each dataset, the distribution is averaged over 10° independent realizations using the empirical
innovation function p(¢) and the fitted prestige-increment distribution P(K).



