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Abstract

Understanding how anthropogenic environmental signals reorganize over time is central to Environmental Data
Science, particularly because long-run emission trajectories reflect interacting technological, institutional, behavioral,
and macroeconomic processes whose effects need not appear as smooth changes in level. This study develops a
reproducible analytical framework that combines rolling spectral entropy with Bayesian change-point inference to
examine structural transitions in annual transport-related CO2 emissions across the G7 economies from 1970 to 2023.
The analysis adopts a structure-aware interpretation of the series while specifying what spectral entropy can and cannot
establish in short annual windows. Entropy is interpreted as the concentration or dispersion of detrendedwithin-window
variability across resolvable Fourier components, rather than as a direct physical measure of resilience. The baseline
window isW = 10 years, withW = 8 andW = 12 used for sensitivity assessment. Country-specific Bayesian single-
mean-shift models are estimated independently, and posterior means are reported together with 90% credible intervals
and the shape of the complete posterior distribution. The results reveal recurrent entropy troughs and collapse-rate spikes
in the early 1980s, around 1998–2000, and in the late 2000s. The late-1990s episode constitutes a conspicuous
descriptive cross-country alignment, but the Bayesian evidence is heterogeneous: several countries exhibit broad or
multimodal posteriors, so the analysis does not treat a common G7 change year as established. The recent-collapse
calculation is interpreted in light of the exceptional COVID-19 shock. Overall, the evidence supports the value of
spectral descriptors as exploratory indicators of changing temporal organization, provided that short-window frequency
resolution, autocorrelation, transient shocks, and posterior uncertainty are made explicit.

Impact Statement

This study introduces a reproducible, structure-aware framework for characterizing changes in the temporal organ-
ization of environmental time series using spectral entropy, collapse-rate indicators, and Bayesian change-point
inference. By analyzing multi-decadal CO2 emission signals across the G7, the work documents recurrent changes
in local spectral concentration and substantial heterogeneity in the uncertainty surrounding candidate transition years.
The methodology is applicable across environmental domains as an exploratory framework for comparative temporal
analysis, multi-region coherence assessment, and decision support in climate and environmental monitoring.
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1. Introduction

Anthropogenic CO2 emissions are among the most intensively observed environmental signals of the
modern era. Although transport-emission series are commonly analyzed in terms of levels, trends, growth
rates, or policy targets, their year-to-year organization also contains information about the changing
configuration of technological systems, fuel use, infrastructure, regulation, mobility, and macroeconomic
activity (Sims et al., 2014; Creutzig et al., 2015; Peters et al., 2017; IPCC, 2021; Friedlingstein et al.,
2023). A trajectory can therefore change structurally evenwhen its long-run level does not display a single
abrupt break: variability may become concentrated in a narrower range of temporal scales, oscillatory
patterns may strengthen or weaken, and the sequence may alternate between relatively diffuse and
relatively ordered local regimes. Detecting such changes requires methods that characterize temporal
organization rather than level alone.

Information-theoretic and frequency-domain measures provide one way to summarize this organiza-
tion. Normalized spectral entropy describes how the variance of a detrended signal is distributed across
the frequencies resolvable within a chosen window (Shannon, 1948; Inouye et al., 1991; Zaccarelli et al.,
2013; DeKeersmaecker et al., 2014, 2018; Zanin andOlivares, 2021). In ecological, climatic, and remote-
sensing applications, changes in spectral concentration have been used to describe altered dynamical
organization, stability, or resilience-related behavior (Scheffer et al., 2009; Boettiger and Hastings, 2012;
Dakos et al., 2012; Lenton et al., 2022; Proverbio et al., 2023). The present application does not assume
that transport emissions obey the same mechanisms as ecological systems. Instead, it uses the same
mathematical descriptor for a narrower purpose: to determine whether the local temporal variability of
anthropogenic emissions becomes more broadband or more concentrated after moving-average detrend-
ing and within-window power normalization.

This distinction is essential. A low value of spectral entropy does not by itself prove fragility, critical
slowing down, or the operation of a particular policy or economic mechanism. It means that, within the
current rolling window, a relatively small number of Fourier components account for a larger share of the
detrended variance. In transport-emission data, such concentration may arise from persistent adjustment,
cyclical demand, oil-price shocks, recession, technological diffusion, regulatory change, or exceptional
disruptions. Domain interpretation therefore requires comparison with the original emissions path,
robustness checks across preprocessing choices, and explicit acknowledgment of the limited frequency
resolution available in short annual windows.

A second problem is timing. Spectral entropy and its first difference can reveal periods of pronounced
contraction or re-expansion, but they do not directly provide uncertainty intervals for a transition year.
Bayesian change-point analysis is useful because it treats the location of a shift as an unknown quantity
and returns a posterior distribution rather than only a single selected date (Barry andHartigan, 1993; Chib,
1998; Fearnhead, 2006; Fearnhead and Liu, 2007; Reeves et al., 2007). This is particularly important
when annual samples are short, adjacent rolling windows overlap, and posterior evidencemay be broad or
multimodal. The present study therefore combines rolling spectral entropy with country-specific Bayes-
ian mean-shift models, while treating the latter as parsimonious summaries of dominant divisions in the
entropy sequence rather than as proof that each country experienced exactly one historical transition.

The empirical analysis uses annual transport-related CO2 emissions for theG7 economies from1970 to
2023. The G7 is treated as a comparative multi-region setting: seven national series are observed over a
common period and examined for recurrent, synchronized, or staggered changes in temporal organiza-
tion. The countries are not pooled in the estimatedBayesianmodel. Each posterior is country-specific, and
cross-country coherence is assessed descriptively by comparing the timing and shape of entropy troughs,
collapse-rate peaks, and posterior probability mass.

The study makes four contributions. First, it provides a reproducible structure-aware description of
long-run transport-emission variability across major advanced economies. Second, it clarifies the
substantive meaning and limitations of spectral entropy in an anthropogenic emissions context. Third,
it reports the full uncertainty of country-specific change-point timing and distinguishes concentrated from
diffuse or multimodal posterior evidence. Fourth, it evaluates sensitivity to rolling-window length,
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detrending choice, and the exceptional COVID-19 period. The resulting framework is intended as a
diagnostic and comparative tool, not as a causal model of transport-system transformation.

2. Analytical framework

The framework separates two tasks that are related but conceptually distinct. The first is descriptive: how
concentrated or dispersed is the local temporal variability of each emissions series? The second is
inferential: if the resulting entropy sequence is summarized by a single mean shift, which candidate
years receive substantial posterior support, and how uncertain is that timing? Keeping these tasks separate
avoids treating every entropy trough as an estimated change point or every posterior mean as a uniquely
identified historical event.

The frequency-domain component transforms each detrended and standardized rolling window into a
normalized power distribution. Spectral entropy then summarizes the dispersion of that distribution, while
the collapse rate records the direction and magnitude of year-to-year changes in entropy. These statistics
are scale-free within each window and, therefore, permit comparison across countries with very different
absolute emission levels.

The Bayesian component is fitted independently to each country’s entropy sequence. It does not
impose a common G7 change year and does not estimate a hierarchical or partially pooled model. Its
purpose is to quantify how strongly the observed entropy sequence supports different candidate divisions
into pre- and post-shift mean levels. Broad or multimodal posteriors are therefore substantive results: they
indicate that a single transition year is weakly identified or that more than one historical episode may
plausibly summarize the sequence.

2.1. Frequency-domain indicators of structural complexity

Normalized spectral entropy measures the dispersion of power across the Fourier components available
within a rolling window (Shannon, 1948; Inouye et al., 1991; Zaccarelli et al., 2013; De Keersmaecker
et al., 2014, 2018; Zanin and Olivares, 2021). Let the normalized powers in a window ending at year t be
denoted by Pk tð Þ. Entropy is high when power is distributed relatively evenly across the resolvable
components and low when power is concentrated in a smaller subset. In the present application, high
entropy is interpreted as locally broadband temporal variability in detrended transport emissions, whereas
low entropy is interpreted as locally concentrated variability.

This interpretation is deliberately statistical rather than mechanistic. A decline inHt does not establish
that the transport system has lost physical resilience, entered a critical regime, or responded to one
particular policy. It indicates that the residual sequence within the current window has become more
spectrally concentrated. Such concentration may be consistent with a smaller number of persistent or
cyclical influences, but short-term shocks, measurement error, endpoint effects, and preprocessing
choices can also affect the estimate. For this reason, entropy trajectories are interpreted together with
the original emissions series, collapse rates, historical context, and sensitivity analyses.

The collapse rate is defined as the negative first difference of entropy,

ξ t = �ΔHt = � Ht�Ht�1ð Þ:
Positive ξ t indicates that spectral entropy has fallen between adjacent window endpoints; negative ξ t
indicates re-expansion of spectral diversity. Because consecutive windows share most of their observa-
tions, ξ t is a local descriptive diagnostic rather than an independent sequence of shocks. Its value lies in
locating intervals in which spectral concentration changes rapidly, not in proving a causal transition.

2.2. Probabilistic inference for structural transitions

The timing of a structural change is uncertain when the observed series is short, noisy, serially dependent,
or compatible withmore than one plausible episode. Bayesian change-point models make this uncertainty
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explicit by assigning probabilities to candidate transition locations (Barry and Hartigan, 1993; Chib,
1998; Fearnhead, 2006; Fearnhead and Liu, 2007; Reeves et al., 2007). In the present study, the Bayesian
model is intentionally simple: for each country separately, it summarizes the entropy sequence by one
change in mean level. This parsimonious specification provides an interpretable posterior distribution for
a dominant division of the series, but it is not assumed to be a complete historical model.

The single-shift formulation is useful as a first-order summary because it answers a limited question: if
the entropy path is divided into two constant-mean regimes, where is that division most strongly
supported? It does not rule out multiple transitions, gradual change, autoregressive errors, or oscillatory
dynamics. Those possibilities are assessed through posterior width and modality, visual comparison with
the entropy path, and the limitations discussion. A diffuse or multimodal posterior is therefore not
compressed into a definitive event date.

The G7 comparison is multi-region in the descriptive sense that seven national series are analyzed over
the same calendar period. The estimated models, however, are country-specific. No common-change-
point likelihood, hierarchical prior, or partial pooling is used. Hierarchical and multiple-change-point
formulations remain important extensions because they could formally estimate shared timing while
allowing national heterogeneity (Fearnhead, 2006; Fearnhead and Liu, 2007; Killick et al., 2012; Truong
et al., 2020; Lund et al., 2023).

3. Data and preprocessing

This section describes the multi-region environmental datasets used in the analysis and outlines the
preprocessing steps required to extract structural signals from anthropogenic CO2 trajectories. In keeping
with Environmental Data Science principles, the data pipeline is designed to be transparent, reproducible,
and alignedwith the analytical framework introduced in Section 2. The goal is to characterize the temporal
organization of human-driven environmental signals beyond their level-based fluctuations, thereby
supporting comparative analysis of changes in spectral concentration across the G7 economies.

3.1. Multi-region environmental datasets

The empirical analysis draws on two complementary observational sources. The primary dataset is the
World Development Indicators series EN.GHG.CO2.TR.MT.CE.AR5, “Carbon dioxide (CO2) emis-
sions from Transport (Energy) (Mt CO2e),” for the G7 economies over 1970–2023 (World Bank, 2024).
The analysis uses absolute annual transport-energy CO2 emissions expressed in million tonnes of CO2

equivalent, as documented in the archived worldwide source table and analysis files. These are the
numerical observations on which the reported spectral calculations are based.

The use of absolute emissions is substantively appropriate for the question addressed here. These series
record the evolving magnitude of transport-related anthropogenic forcing and embed the combined
influence of mobility demand, vehicle efficiency, fuel composition, freight intensity, infrastructure,
regulation, and macroeconomic activity (Sims et al., 2014; Creutzig et al., 2015; Peters et al., 2017;
IPCC, 2021; Li et al., 2022; Friedlingstein et al., 2023; International Transport Forum, 2023). They are not
treated as direct measurements of an autonomous ecological state variable; rather, they are interpreted as
observed outputs of coupled socio-technical and environmental processes whose temporal organization
may itself change.

For external comparison, the analysis also uses the UNFCCC Annex I transport inventory, category 1.
A.3, covering 1990–2021 (Government of Japan, 2019; Falduto et al., 2020). The downloaded inventory
file reports aggregate greenhouse-gas emissions in kt CO2 equivalent rather than CO2 alone. Accordingly,
this source is treated as an independently compiled inventory-based validation series rather than as a
check against ratio-based measurement. The different source, reporting architecture, period, and aggre-
gation convention provide a useful robustness comparison, while also requiring caution against inter-
preting numerical equality across the two databases.
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By analyzing the G7 economies collectively, we use the countries as parallel observational units rather
than as realizations of a formally estimated hierarchical model. Each country supplies an independent
long-run trajectory, and cross-country alignment is assessed descriptively through the timing of entropy
troughs, collapse-rate spikes, and the overlap of posterior transition windows. This distinction is
important: shared timing may be consistent with common global drivers, but it is not by itself proof of
a single pooled or synchronized change point.

3.2. Preprocessing for structural-signal extraction

Anthropogenic environmental time series typically contain components operating at multiple temporal
scales, ranging from slow technological or institutional drift to year-to-year fluctuations induced by
economic variation, shocks, or reporting noise. To characterize the local temporal organization of these
signals, we apply a preprocessing pipeline designed to reduce the influence of absolute levels and slow
secular variation. This enables interpretable frequency-domain analysis and ensures that structural metrics
are comparable across countries.

3.2.1. Detrending
For each country, the baseline calculation removes a 5-year moving-average trend from the complete
annual series and then centers the resulting residual sequence by subtracting its country-specific sample
mean:

mt =
1
5

X2
j =�2

yt + j, xt = yt�mtð Þ� y�mð Þ:

At the beginning and end of the observed series, the same-length convolution used in the archived
implementation supplies the boundary values. This preprocessing reduces slow variation while retaining
the shorter-run deviations on which the spectral calculation is based. Alternative local-linear, local-
polynomial, and first-difference constructions are examined separately in Appendix A. Detrending is a
standard requirement for spectral interpretation in climate, ecological, and remote-sensing analyses
(Dakos et al., 2012; De Keersmaecker et al., 2014).

3.2.2. Scale normalization
No additional amplitude standardization is imposed on the baseline residual sequence before the rolling
transform. Instead, the periodogram ordinates are normalized to sum to onewithin everywindow. Spectral
entropy therefore depends on the relative distribution of power across the retained frequency grid rather
than on the absolute magnitude of the residuals. This normalization permits comparison across countries
with different emission scales while preserving the exact preprocessing used to generate the reported
series.

3.2.3. Spectral preparation
The centered residual sequence is analyzed in rollingwindows and transformed into the frequency domain
using a real discrete Fourier transform. A Hann taper is applied before transformation. The implemen-
tation zero-pads each tapered segment to the next power of two for a common computational frequency
grid; this interpolation does not add independent frequency information and is treated only as part of the
numerical implementation. The normalized power spectrum forms the basis for spectral entropy and the
collapse-rate diagnostic. Frequency-domain analyses are widely used in environmental science to
characterize changes in temporal organization and to examine stability- or resilience-related behavior
across diverse systems ranging from climate oscillations to vegetation dynamics (Scheffer et al., 2009;
Zaccarelli et al., 2013).

Together, these preprocessing steps convert raw anthropogenic CO2 trajectories into centered residual
signals suitable for the analytical framework described in Section 2. The resulting series support
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reproducible estimation of spectral entropy, first-difference diagnostics, and country-specific change-
point posteriors, while preserving the distinction between descriptive temporal organization and causal
structural interpretation.

4. Methods

This section formalizes the analytical pipeline applied to each country. The procedure has two distinct
components. First, rolling spectral statistics describe how the variance of the centered moving-average
residual signal is distributed across the retained Fourier frequency grid within a short annual window.
Second, a country-specific Bayesian change-point model summarizes uncertainty about a dominant
mean-level division in the resulting entropy sequence. The first component is descriptive and frequency-
domain based; the second is probabilistic but deliberately parsimonious. Neither component, by itself,
identifies a causal mechanism or proves the existence of a physical tipping point.

4.1. Rolling Fourier representation

Let xτ denote the centered moving-average residual for year τ. The baseline rolling window has a
maximum length of W = 10 annual observations. For the initial part of the series, the archived imple-
mentation begins reporting entropy once six observations are available; thereafter, the segment length is

nt = min W , t� t0 + 1f g, nt ≥ 6,

where t0 is the first observed year. Full 10-year windows are used from 1979 onward.
Before Fourier transformation, the available segment is multiplied by a Hann taper. If wr,nt is the taper

weight at position r = 0,…,nt�1, then

zr,t =wr,nt xt�nt + 1+ r:

For computation, the tapered segment is zero-padded to

Nt = 2
⌈ log2nt⌉,

the smallest power of two not less than nt. The real discrete Fourier transform is

Xk tð Þ=
Xnt�1

r = 0

zr,t exp �2πikr
Nt

� �
, k = 0,1,…,Kt,

where Kt = ⌊Nt=2⌋. The raw periodogram ordinates and their normalized counterparts are

Ik tð Þ= Xk tð Þj j2, Pk tð Þ= Ik tð ÞPKt
j = 0Ij tð Þ

,
XKt

k = 0

Pk tð Þ= 1:

The vector

P tð Þ= P0 tð Þ,P1 tð Þ,…,PKt tð Þf g
is a within-window probability distribution over the retained Fourier grid. It does notmeasure the absolute
magnitude of emissions. Because the periodogram is normalized within each window, P tð Þ records the
relative allocation of residual power. A movement in P tð Þ means that the local spectral organization has
changed; it does not, without additional evidence, identify the economic, technological, regulatory, or
behavioral process that produced that change.

The short annual window imposes an important information limit. A complete W = 10 segment
contains only 10 observations and, therefore, about five independent positive-frequency degrees of
information for a real-valued signal. Zero-padding expands the computational grid to Nt = 16 and
produces nine nonnegative-frequency ordinates, but it interpolates the finite-window spectrum and does
not create additional independent frequencies. The Hann taper can reduce leakage but likewise cannot
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overcome the coarse resolution of annual 10-year windows. For this reason, the entropy measure is
interpreted as a compact numerical descriptor of short-window power allocation rather than as a finely
resolved physical spectrum.

4.2. Normalized spectral entropy

The normalized Shannon spectral entropy of the segment ending at t is

Ht = � 1
log Kt + 1ð Þ

XKt

k = 0

Pk tð Þ logPk tð Þ, 0≤Ht ≤ 1,

with the convention that 0log0= 0. The normalization by log Kt + 1ð Þ places the statistic on a unit interval
for the retained computational frequency grid (Shannon, 1948; Inouye et al., 1991; Zaccarelli et al., 2013).

The interpretation follows directly from the normalized power distribution. If power is distributed
relatively evenly across the retained ordinates, thenHt approaches one. If a comparatively small subset of
ordinates accounts for most of the power, then Ht declines toward zero. In the present application,

high Ht ) relatively dispersed short‐window spectral power,

low Ht ) relatively concentrated short‐window spectral power:

This interpretation is intentionally statistical. A low value of Ht does not establish that the transport
system has fewer literal degrees of freedom, has lost physical resilience, or is approaching a critical
transition. It states only that, after the specified moving-average detrending, centering, tapering, zero-
padding, and within-window power normalization, a smaller subset of the retained Fourier-grid ordinates
explains a larger share of the residual power. A decomposition of this power between lower- and higher-
frequency components is provided in Appendix B. In anthropogenic emissions data, such concentration
could be associated with persistent adjustment, cyclical activity, recession, fuel-price shocks, regulatory
change, technological diffusion, or an exceptional temporary disturbance. It could also be amplified by an
influential observation, endpoint behavior, or the limited size of the rolling window.

The use of entropy is therefore diagnostic rather than causal. Its value lies in providing a scale-free way
to compare changes in local temporal organization across countries whose absolute emission levels differ
greatly. Prior studies have used spectral entropy and related indicators to characterize changes in temporal
organization, stability, or early-warning behavior in ecological, physiological, and environmental series
(Boettiger and Hastings, 2012; De Keersmaecker et al., 2014, 2018; Zanin and Olivares, 2021; Lenton
et al., 2022; Proverbio et al., 2023). Those applications motivate the mathematical descriptor, but they do
not justify transferring a mechanistic ecological interpretation directly to transport emissions.

Three safeguards are therefore used. First, Ht is interpreted together with the original emissions
trajectory rather than in isolation. Second, sensitivity is examined under W = 8, 10, and 12 and under
alternative detrending choices. Third, the full country-specific path is considered, rather than treating a
single local minimum as conclusive evidence of a structural break. These checks assess whether broad
calendar regions of spectral concentration are reproducible, although they cannot eliminate the funda-
mental resolution limit of short annual windows.

4.3. First-difference diagnostic for spectral concentration

To summarize the direction and year-to-year magnitude of change in entropy, the analysis defines

ξ t = �ΔHt = � Ht�Ht�1ð Þ=Ht�1�Ht:

The term “collapse rate” is used as a compact label for ξ t, which should be understood as a signed first-
difference diagnostic rather than as a physical rate of collapse.

A positive value

ξ t > 0,
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means that spectral entropy is lower in thewindow ending at t than in the precedingwindow; equivalently,
the normalized spectral power has become more concentrated. A negative value

ξ t < 0,

means that entropy has increased and power has become more dispersed. The absolute magnitude ∣ξ t∣
records how rapidly this local descriptor changes between adjacent window endpoints.

Because consecutive W = 10 windows share nine observations, the sequence ξ tf g is strongly
dependent by construction. Adjacent values are not independent shocks, and a prominent peak can
reflect the entry or exit of one influential year from the rolling window. Accordingly, ξ t is used to
locate intervals of comparatively rapid change in spectral concentration, not to establish the onset of
a low-dimensional regime, critical slowing down, or a causal transition. Sustained or repeated
positive values are potentially informative when they coincide with visible changes in Ht, the
underlying emissions path, and historically plausible external events, but such alignment remains
descriptive.

This distinction is particularly important for the 2019–2023 summary. That interval contains the
COVID-19 disruption and subsequent reopening. The resulting mean of ξ t therefore describes the recent
path of the rolling entropy statistic under an exceptional common shock; it is not interpreted as a stable
country-specific measure of endogenous fragility.

4.4. Bayesian single-change-point model

The rolling entropy sequence is next analyzed with a country-specific Bayesian mean-shift model. For
each country separately,

Ht =
μ1 + ϵt, t≤ τ,

μ2 + ϵt, t > τ,

�
ϵt �N 0,σ2

� �
:

Here, τ is the candidate change-point year, μ1 and μ2 are the pre- and post-change means, and σ is the
residual standard deviation. Themodel asks a deliberately limited question: if the observed entropy path is
approximated by two constant-mean segments, which division of the series receives the greatest posterior
support?

The admissible set for τ excludes the first and last five valid observations so that both regimes contain
enough observations to estimate their means. Over the remaining candidate years,

p τð Þ= 1
∣T ∣

, τ ∈T ,

whereT denotes the admissible set. The regimemeans receive independent Normal priors centered on the
sample mean H,

μ1 �N H, 0:52
� �

, μ2 �N H,0:52
� �

,

and the residual scale receives

σ�Exponential 10ð Þ:
The use of H as the common prior center is an empirical-Bayes centring device whose purpose is to
place both regime-mean priors on the observed scale of the bounded entropy statistic. Because the
same center and the same relatively broad standard deviation, 0.5, are assigned to both μ1 and μ2, this
choice does not encode a preferred direction or magnitude of the mean shift and does not favor either
regime a priori. Rather, it provides weak scale-adaptive regularization for parameters that must lie on
the same empirical scale as Ht. We acknowledge that the sample is used to set the prior location; the
resulting prior should therefore be interpreted as weakly data-adaptive rather than as fully external
prior information.
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Let

H = H1,…,HTð Þ:
Conditional on a proposed τ, the likelihood is

p Hjτ,μ1,μ2,σð Þ=
Y
t≤ τ

N Htjμ1,σ2
� �Y

t > τ

N Htj μ2,σ2
� �

:

The joint posterior is

p τ,μ1,μ2,σjHð Þ∝ p Hjτ,μ1,μ2,σð Þp τð Þp μ1ð Þp μ2ð Þp σð Þ:
The marginal posterior for the transition year is

p τjHð Þ=
Z Z Z

p τ,μ1,μ2,σjHð Þdμ1dμ2dσ:

Because the Exponential prior for σ is not conjugate to the Gaussian likelihood, this marginalization is not
evaluated through the closed-form integrated likelihood used in some conjugate change-point formula-
tions. Instead, the joint posterior is sampled numerically in PyMC. The implementation uses two chains,
2000 tuning iterations per chain, 2000 retained draws per chain, target_accept = 0.9, and random
seed 123. This formulation is related to the broader Bayesian change-point literature, while remaining
simpler than multiple-change-point, product-partition, and sequential formulations (Barry and Hartigan,
1993; Chib, 1998; Fearnhead, 2006; Fearnhead and Liu, 2007).

For each retained posterior draw, the sampled change-point index is mapped to its calendar year. The
empirical frequencies of these years approximate

p τjHð Þ:
The posterior mean and a 90% credible interval are reported as numerical summaries, while the complete
discrete posterior distribution is displayed in Appendix C. The posterior mode identifies the single year
with the largest posterior probability, whereas the credible interval and overall shape show how strongly
that year is distinguished from alternatives.When the posterior is broad or multimodal, the posterior mean
can lie between modes or at a year with little probability mass. In such cases, no unique transition year is
declared.

The single-change-point specification is intentionally parsimonious and is not treated as a literal
historical model. The rolling entropy path can contain serial dependence, oscillatory behavior, gradual
evolution, and more than one structural episode. Moreover, overlapping windows induce dependence
even when the original annual observations were independent. The independent Gaussian likelihood can
therefore understate uncertainty, and a single shift can compress several plausible episodes into one
summary distribution. These limitations are not peripheral: they determine how the posterior is inter-
preted.

Finally, the seven countries are estimated independently. The analysis does not impose a common G7
transition year, estimate a hierarchical prior, or partially pool country parameters. Cross-country align-
ment is assessed only after estimation by comparing posterior locations, widths, and modes. Formal
inference about common or staggered multicountry change points would require a hierarchical or
multivariate model and is reserved for future work (Reeves et al., 2007; Killick et al., 2012; Truong
et al., 2020; Lund et al., 2023).

5. Results

This section presents empirical evidence on structural variability in the anthropogenic environmental
signals associated with transport-related CO2 emissions across the G7 economies. Building on the
analytical framework and methodological pipeline developed in Sections 2–4, we examine long-run
spectral complexity, identify cross-country patterns in spectral concentration, quantify uncertainty in
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country-specific transition years, and assess recent collapse-rate behavior. The results reveal recurrent
changes in temporal organization and a visually prominent late-1990s alignment, while the Bayesian
posteriors show that a single common transition year is not uniformly identified.

5.1. Long-run spectral-complexity evolution

Figure 1 displays the long-run evolution of spectral entropy Ht for the G7 countries. The trajectories are
neither monotonic nor reducible to one common pattern. Each country exhibits recurrent rises and
declines in entropy, indicating changes in how detrended within-window variance is distributed across
the frequencies available to a short annual window.

Several periods of comparatively low entropy occur in more than one country, most visibly in parts of
the early 1980s, late 1990s, and late 2000s. These recurring calendar regions motivate cross-country
comparison, but they do not imply that every country experienced the same transition at the same date.
The precise location and depth of each trough differ, and the 10-year windows share nine observations
from 1 year to the next. Accordingly, apparent clustering should be interpreted as descriptive alignment in
local spectral concentration.

In substantive terms, an entropy trough means that a smaller subset of resolvable frequency compo-
nents accounts for a larger share of the detrended variance in that window. It may be associated with
persistent adjustment, cyclical demand, policy change, recession, or another common disturbance, but the
entropy statistic alone cannot identify the cause. The historical interpretation is therefore developed in
Section 6 and is presented as contextual plausibility rather than causal attribution.

The late-1990s interval is visually prominent because several series decline within a relatively narrow
calendar range. This feature is retained as an important empirical observation. Its evidential status,
however, is descriptive: whether it corresponds to a sharply identified change point must be assessed
separately for each country through the posterior distributions in Section 5.3.

Figure 1. Long-run evolution of normalized spectral entropy Ht for transport-related CO2 emissions
across the G7, 1970–2023. Each plotted point corresponds to the endpoint of a rolling window. Lower
values indicate greater concentration of detrended within-window variance in a smaller subset of
resolvable Fourier components. Several countries exhibit low-entropy episodes in similar calendar
regions, but the timing, depth, and posterior support differ across countries.
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5.2. Cross-country alignment in collapse-rate peaks

Figure 2 reports the collapse-rate series ξ t = �ΔHt. Positive values indicate a decline in entropy between
adjacent window endpoints, whereas negative values indicate an increase. The series show both country-
specific fluctuations and intervals in which positive peaks occur in nearby years.

A noticeable concentration of positive peaks appears around 1998–2000. Because the rolling windows
overlap heavily and the countries are exposed to some common international conditions, this alignment is
consistent with partially shared influences. Plausible contextual mechanisms include changes in fuel
prices and fuel-economy standards, the European automobile industry’s late-1990s CO2-reduction
commitments, and broader changes in transport demand and market integration (Scholl et al., 1996;
Greening, 2004; Fontaras and Samaras, 2007; Clerides and Zachariadis, 2008). The present analysis does
not identifywhich of thesemechanisms generated the pattern, nor does it estimate a common causal break.

The aligned peaks are therefore best interpreted as a comparative signal that warrants historical
investigation. They show that several national emission series underwent rapid changes in local spectral
concentration within a similar interval. Whether that interval is also the most strongly supported division
of the full entropy sequence varies by country and is evaluated by the Bayesian analysis.

5.3. Country-specific posterior evidence for transition years

Bayesian change-point models are estimated independently for each country’s entropy sequence. The
posterior distributions p τjH1:Tð Þ place probability mass in several recurring calendar regions, including
the early 1980s, the late 1990s, and the late 2000s. The amount and concentration of that support differ
substantially across countries. These results therefore do not identify one common G7 transition year.

Figure 3 presents four representative fitted trajectories. France provides a comparatively localized
early-1980s case, while Italy shows stronger support for a later division. Germany and the United
Kingdom illustrate why a posterior mean must not be interpreted in isolation: their fitted lines provide
a convenient visual summary, but the corresponding posterior distributions are broad or containmore than

Figure 2. Collapse-rate series ξ t = �ΔHt for the G7. Each point records the year-to-year change in
rolling spectral entropy. Positive peaks mark rapid local declines in entropy. Several countries show
peaks in or near 1998–2000, providing descriptive evidence of cross-country temporal alignment; the
figure does not by itself establish a common transition year or a shared causal mechanism.
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one region of appreciable probability. Avertical line at the posteriormean can therefore fall in a year that is
not itself the dominant posterior mode.

Appendix C displays the complete country panels. France, Italy, and the United States provide
relatively more concentrated examples, whereas Canada, Germany, Japan, and the United Kingdom
exhibit wider or multimodal uncertainty. The German case is especially important: the posterior-mean
year should not be described as a sharply supported 1999 transition when the probability at that particular
year is low relative to other candidate regions.

The Bayesian evidence consequently qualifies the visual narrative from Sections 5.1 and 5.2. The late-
1990s alignment in entropy and collapse-rate plots is a reproducible descriptive feature, but the country-
specific posteriors do not support that interval with equal strength. The defensible conclusion is that
several countries exhibit structurally similar timing in local spectral concentration, while the exact
transition date remains weakly identified for a substantial subset of the G7.

5.4. Recent collapse-rate behavior and the COVID-19 shock

To summarize the most recent portion of each series, the mean collapse rate is computed over the last five
available observations,

ξ2019:2023 =
1
5

X2023
t = 2019

ξ t:

The averaging period is 2019–2023, comprising the final five annual observations. The interval includes
the extraordinary 2020–2021 disruption of transport activity during the COVID-19 pandemic (Le Quéré
et al., 2020). It cannot be treated as a clean measure of endogenous contemporary fragility. Figure 4
displays the country-specific means for this interval.

Figure 3. Country-specific Bayesian single-mean-shift fits for representative G7 entropy sequences. The
vertical dashed line is the posterior-mean change year and the horizontal segments are posterior
summaries of the two regime means. These lines summarize the fitted model but should be interpreted
together with the full posterior distributions in Appendix C. Broad or multimodal posteriors imply that no
single calendar year is strongly identified, even when the posterior mean is plotted.
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The ranking remains descriptively informative: Germany and the United Kingdom show strongly
negative averages, France and Japan moderately negative averages, Canada and the United States values
close to zero on the negative side, and Italy a slightly positive value. Yet the pandemic created a large,
externally imposed interruption in passenger and freight mobility, followed by uneven reopening and
recovery. A five-observation average necessarily mixes the pre-shock endpoint, the collapse, and the
rebound. Accordingly, Figure 4 is presented as a compact description of the recent sequence rather than as
a measure of endogenous structural fragility.

To assess directly how strongly this recent-period narrative depends on the pandemic years, Table 1
compares the baseline 2019–2023 mean with a simple non-COVID comparison computed from 2018,
2019, 2022, and 2023. The latter is not proposed as a definitive replacement—removing two adjacent
years from such a short sequence also creates an irregular comparison—but it makes the sensitivity of the
qualitative ranking explicit.

The comparison materially changes the recent-period picture. Canada, France, and the United States
change sign when 2020–2021 are excluded, while Germany moves close to zero; Japan and the United
Kingdom remain negative, and Italy remains slightly positive. Thus, the short-window cross-country
ranking is highly sensitive to the treatment of the pandemic. The appropriate substantive conclusion is
heterogeneity in recent spectral paths under an exceptional global shock, not a stable ranking of
endogenous resilience or fragility.

Overall, the results show recurrent, multi-decadal changes in the spectral organization of G7 transport-
emission series. The descriptive evidence for a late-1990s alignment remains prominent, while Bayesian
posterior width andmodality reveal substantial country-specific uncertainty. The recent-period sensitivity
results further demonstrate why unusual exogenous shocks must be separated from longer-run structural
interpretation.

6. Discussion

The analysis shows that long-run transport-related CO2 emissions contain changes in temporal organ-
ization that are not visible from level trends alone. Rolling spectral entropy identifies intervals in which
detrended variability becomes more dispersed or more concentrated across the frequencies resolvable

Figure 4.Mean collapse rate ξ over the final five observations, 2019–2023. Positive values indicate an
average decline in entropy over the interval and negative values an average increase. Because the
interval includes the COVID-19 shock, the bars summarize recent path behavior but are not interpreted as
country rankings of intrinsic structural fragility.
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within a short annual window. Collapse rates identify rolling-window endpoints at which the estimated
spectral concentration changes rapidly, and country-specific Bayesian models summarize the uncertainty
surrounding a dominant mean-level division of each entropy sequence. The three components are
complementary: entropy describes local organization, the collapse rate describes its direction of change,
and the posterior distribution describes uncertainty in one parsimonious change-point summary.

The principal empirical finding is not a single universally dated G7 break. Rather, several countries
exhibit low-entropy episodes and positive collapse-rate peaks in overlapping calendar regions, especially
around the late 1990s, while the Bayesian evidence varies markedly in concentration and modality. This
distinction resolves an important interpretive issue. Cross-country alignment in the descriptive indicators
is meaningful evidence of temporal coherence, but it is not equivalent to formal evidence that all seven
countries share one precisely dated transition. The present country-specific models do not estimate a
common change point, and broad posteriors in Canada, Germany, Japan, and the United Kingdom require
caution.

The substantive interpretation of spectral entropy must also remain bounded. In this application, a
decline in Ht means that detrended variance within the current rolling window is concentrated in fewer
resolvable Fourier components. It does not directly measure transport-system resilience, institutional
fragility, or proximity to a tipping point. Similar mathematical indicators are useful in ecology, climate
science, and remote sensing (Boettiger and Hastings, 2012; Zaccarelli et al., 2013; De Keersmaecker
et al., 2014, 2018; Lenton et al., 2022; Proverbio et al., 2023), but anthropogenic emissions are generated
by socio-technical and economic processes whose mechanisms differ from those of ecological state
variables. The analogy is therefore methodological, not ontological.

Historical context nevertheless helps explain why overlapping calendar regions are plausible. Early-
1980s entropy contractions coincide with the aftermath of the oil-price shocks, recession, changes in
travel demand, and fuel-intensity adjustments documented across industrialized passenger-transport
systems (Scholl et al., 1996; Greening, 2004). The late-1990s alignment overlaps a period in which fuel
prices and fuel-economy standards materially influenced new-vehicle efficiency, while European manu-
facturers operated under a voluntary commitment to reduce new-car CO2 emissions (Fontaras and
Samaras, 2007; Clerides and Zachariadis, 2008). Late-2000s changes overlap the global financial crisis,
the contraction of world trade and transport demand, and the associated temporary decline and subsequent
rebound in global CO2 emissions (International Transport Forum, 2009, 2010; Peters et al., 2012). These
mechanisms are not identified by the model and should not be treated as causal findings. They provide
historically grounded hypotheses that could be tested with policy indicators, fuel-price data, sectoral
activity, or higher-frequency emissions.

The framework has several advantages. It is transparent, reproducible, and applicable when only a
single long annual series is available. The normalization makes the entropy statistic comparable across
countries with different emission scales. The full posterior distribution avoids concealing timing uncer-
tainty behind one selected year. The combination of descriptive and probabilistic components also helps
distinguish a visually striking trough from a statistically concentrated change-point posterior.

Table 1. Sensitivity of recent mean collapse rates to the treatment of COVID-19 years

Country Mean ξ t, 2019–2023 Mean ξ t, excluding 2020–2021

Canada �0.022 0.004
France �0.055 0.039
Germany �0.069 �0.001
Italy 0.008 0.006
Japan �0.047 �0.038
United Kingdom �0.061 �0.042
United States �0.031 0.034
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The same features create limitations. First, a 10-year annual window contains very little independent
frequency information. With only a small number of Fourier ordinates, Ht is a coarse summary and can
respond strongly to individual observations. TheW = 8, 10, and 12 comparisons in Appendix A examine
sensitivity, but they cannot overcome the information limit imposed by annual data. The sensitivity
analyses reduce the likelihood that the main calendar regions are artifacts of one selected preprocessing
specification, but they do not fully separate persistent structural reorganization from all forms of transient
disturbance or measurement error. Second, adjacent rolling windows overlap, so the resulting entropy
sequence is serially dependent. The baseline independent Gaussian change-point likelihood may conse-
quently understate posterior uncertainty. Third, the single-shift model cannot represent several breaks or a
gradual transition. Broad and multimodal posteriors are consistent with this misspecification and should
be reported rather than averaged into a definitive event. Fourth, the cross-country comparison is
descriptive; no hierarchical model, common-change-point model, or causal panel design is estimated.

The recent-period analysis illustrates a related interpretive risk. The 2019–2023 average collapse rate
includes the exceptional COVID-19 shock and subsequent reopening. It therefore summarizes the path
through an extraordinary disruption rather than a stable national property. The sign changes reported in
Table 1 when 2020–2021 are excluded demonstrate that short-window rankings are sensitive to the
treatment of the pandemic. The interpretation is consequently limited to heterogeneity in recent spectral
paths under a common global shock.

Future work can address these limitations in several ways. State-space or autoregressive change-point
models could represent serial dependence directly. Multiple-change-point or product-partition formula-
tions could distinguish several episodes rather than force one dominant split (Barry and Hartigan, 1993;
Chib, 1998; Fearnhead, 2006; Fearnhead and Liu, 2007; Killick et al., 2012; Truong et al., 2020).
Hierarchical models could estimate shared and country-specific timing jointly, while higher-frequency
emissions, mobility, fuel-price, freight, and policy data could improve both spectral resolution and
substantive attribution. Out-of-sample simulation and controlled perturbation experiments would also
help determine when spectral entropy responds to genuine regime change rather than preprocessing or
transient noise.

The broader contribution is therefore methodological and comparative. Treating anthropogenic
emissions as environmental signals makes it possible to ask how their temporal organization changes,
not only whether their levels rise or fall. The present results support the use of spectral entropy and
Bayesian uncertainty as diagnostic tools, provided that spectral concentration is not equated automatically
with physical fragility and that broad posterior evidence is not converted into an artificially precise
historical claim.

7. Conclusion

This study develops a reproducible framework for examining changes in the temporal organization of
transport-related CO2 emissions across the G7. Rolling spectral entropy summarizes whether detrended
within-window variability is broadly distributed or concentrated across the frequencies resolvable in
annual data. The collapse rate identifies rapid changes in that concentration, and country-specific
Bayesian mean-shift models quantify uncertainty in a parsimonious transition-year summary.

The empirical results reveal recurrent low-entropy episodes and several periods of cross-country
alignment, including a visually prominent late-1990s interval. That alignment is an important descriptive
finding, but it is not equivalent to a precisely identified commonG7 change point. Posterior evidence differs
substantially across countries: some distributions are comparatively concentrated, while others are broad or
multimodal. The interpretation therefore distinguishes descriptive coherence from formal timing certainty.

The analysis also clarifies what the indicators do not establish. Spectral entropy is not a direct measure
of resilience or fragility, the single-shift model does not imply that only one historical transition occurred,
and the recent 2019–2023 collapse-rate average cannot be separated from the COVID-19 shock. These
limitations are especially important because the annual rolling windows provide coarse frequency
resolution and induce serial dependence in the entropy sequence.
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Despite these constraints, the framework offers a useful diagnostic complement to level-based
emissions analysis. It can identify intervals that merit closer historical or sectoral investigation and can
be extended to other environmental and socio-technical time series. Future research should use higher-
frequency data, multiple-change-point or autoregressive formulations, hierarchical cross-countrymodels,
and richer covariates to test the mechanisms underlying the descriptive patterns documented here.
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Appendix A. Robustness of spectral-entropy indicators
A central concern in applying entropy-based indicators to annual environmental time series is sensitivity to rolling-window length
and detrending. The analysis therefore compares W = 8, 10, and 12 years and alternative detrending choices (linear, local
polynomial, and differencing). These checks evaluate whether the broad timing of entropy contractions persists under reasonable
preprocessing changes; they do not eliminate the limited frequency resolution inherent in short annual windows.

The main trough regions remain visible under several specifications, but their exact year, depth, and cross-country alignment
vary. The sensitivity analysis therefore supports the existence of recurring changes in local spectral concentration while cautioning
against interpreting a 1-year difference as substantively precise evidence. In particular, similarity around the late 1990s is best
described as a robust calendar region rather than a universally fixed transition date.

Figure A1 shows, for each country, the observed transport-related CO2 series, the baseline entropy sequence, and the associated
collapse rate. The panels make clear that entropy movements should be interpreted alongside the original data. A trough can be
influenced by a sustained adjustment, an exceptional observation, endpoint behavior, or the interaction of several consecutive years.

Figure A2 provides the direct baseline comparison forW = 8,10, and12. The curves do not coincide exactly, as expected fromchanges
in frequency resolution and window composition, but broad periods of spectral concentration recur under more than one window length in
several countries. The evidence therefore supports interpretation at the level of calendar regions rather than exact one-year dates.

Figure A3 compares the baseline 5-year moving-average residual construction with local linear detrending, local polynomial
detrending, and first differencing atW = 10. Detrending affects the level, depth, and exact timing of someminima, but recurring periods
of spectral concentration remain visible under more than one specification. The comparison therefore argues against attributing the
principal patterns solely to one preprocessing rule, while demonstrating that preprocessing uncertainty remains material.

The sensitivity evidence does not prove that every trough represents a structural break, nor does it identify a causal driver. It
shows directly that the principal calendar regions are not wholly dependent on one selected window length or one detrending rule.
These robustness checks address sensitivity to window length and detrending, but they do not constitute a formal statistical test that
distinguishes persistent structural change from every possible transient shock ormeasurement disturbance. Accordingly, the entropy
contractions are interpreted as reproducible descriptive features of the observed series rather than as independently validated causal
regime changes. That is the appropriate robustness claim for a short annual spectral analysis.

Appendix B. Low- and high-frequency variability decomposition
Spectral entropy summarizes the entire normalized power distribution, so a low value can arise from concentration in different
portions of the spectrum. To aid interpretation, the normalized power is divided into lower-frequency and higher-frequency
components. This decomposition is descriptive because a 10-year annual window cannot resolve long periodicities precisely.

Periods of lower entropy are generally associated with a larger share of power in the lower-frequency portion of the available
spectrum. This pattern is consistent with more persistent within-window variation, but it should not be interpreted as the detection of
a well-estimated decadal cycle. The frequency grid is coarse, and the band division is sensitive to the window length. Higher-
frequency power remains relevant in several countries and cannot be dismissed as measurement noise.

The decomposition therefore supports a limited conclusion: the entropy troughs are often connected to changes in the balance
between slower and faster components of the detrended sequence. It does not establish that shared policy, technology, or
macroeconomic forces are the unique cause of those changes. Such attribution requires external covariates and a model designed
for causal inference.

Appendix C. Bayesian change-point diagnostics and posterior inference
The Bayesian analysis provides country-specific posterior distributions for the location of one mean shift in each entropy sequence.
Its purpose is to quantify uncertainty in a parsimonious summary, not to assert that the true history contains only one abrupt
transition. The appendix therefore emphasizes posterior spread and modality as well as the plotted posterior mean.
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Figure A1. Country-level transport-related CO2 series (top), spectral entropy Ht (middle), and collapse rate ξ t (bottom) under the baseline specification.
Recurring troughs and peaks are visible in several countries, but their exact timing and magnitude differ. The figure is used to assess whether the entropy
patterns correspond to persistent features of the underlying paths rather than to one isolated plotted statistic.

E
nvironm

entalD
ata

Science
e34-19



Figure A2. Sensitivity of normalized spectral entropy to rolling-window length. Each panel comparesW = 8, 10, and 12 using the same emissions series and
the baseline 5-year moving-average residual construction. Recurrence of broad trough regions supports calendar-region comparisons, while variation in
exact minima illustrates the limited temporal and frequency resolution of short annual windows.
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Figure A3. Sensitivity of normalized spectral entropy to detrending atW = 10. The panels compare the baseline moving-average residual construction, local
linear detrending, local polynomial detrending, and first differencing. Recurrence of broad trough regions across several specifications provides evidence
that the main descriptive patterns are not generated exclusively by one detrending choice; differences in exact timing and depth remain part of the
uncertainty.
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Figure C1.Country-specific Bayesian single-mean-shift fits. Blue lines show annual entropyHt, vertical dashed lines show posterior-mean transition years,
and horizontal segments summarize pre- and post-shift mean levels. The full posterior distributions in Figure C2 are required for assessing timing
uncertainty.
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Figure C2. Posterior distributions of country-specific change-point years. Vertical dashed lines mark posterior means; the corresponding 90% credible
intervals are reported in Table C1. All panels use the same calendar-year limits so that spread and modality are directly comparable. Broad or multimodal
panels indicate weak identification of a unique transition year.
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C.1 Model specification and fitted trajectories
The model is

Ht =
μ1 + ϵt , t≤ τ,

μ2 + ϵt , t > τ,

�
ϵt �N 0,σ2

� �
,

with the priors and sampling settings reported in Section 4.4. The fitted trajectories in Figure C1 display the entropy sequence,
posterior summaries of the two regimemeans, and the posterior-mean change year. These graphical summaries are convenient, but a
vertical line should not be read as evidence that the plotted year is the posterior mode or that uncertainty is narrow.

C.2 Posterior distributions of transition years
Figure C2 displays the complete posterior distributions p τjH1:Tð Þ. The principal result is heterogeneity in identification. France,
Italy, and the United States show comparatively more concentrated probability in particular calendar regions. Canada, Germany,
Japan, and the United Kingdom show broader or multimodal distributions, indicating several plausible divisions or a gradual
sequence that is poorly represented by one abrupt mean shift.

This heterogeneity changes the substantive interpretation. Recurring probability mass near the early 1980s, late 1990s, and late
2000s can be compared across countries, but it does not constitute evidence for one synchronized G7 transition. In a broad or
multimodal posterior, the posterior mean may lie between modes or at a year with relatively low probability. For that reason, the
posterior mean is retained only as a summary compatible with the fitted figures; posterior width, the modal year, and the 90%
credible interval govern the interpretation.

Table C1 makes clear why the posterior mean is not treated as a declared change year. Italy has a comparatively concentrated
posterior, whereas Canada, Germany, Japan, and the United Kingdom have broad or multimodal distributions. France retains an
early-1980s mode with a long upper tail, and the United States has a late-2000s mode with substantial lower-tail uncertainty. The
modal year and interval are therefore reported alongside the mean rather than replacing the complete posterior distribution.

C.3 Multiple and hierarchical extensions
No multiple-change-point, common-change-point, or partially pooled model is estimated in this study. These extensions are
nevertheless natural next steps. A multiple-change-point formulation could represent separate early-1980s, late-1990s, and late-
2000s episodes without forcing them into one dominant split (Barry and Hartigan, 1993; Chib, 1998; Fearnhead, 2006; Fearnhead
and Liu, 2007; Killick et al., 2012; Truong et al., 2020). A hierarchical model could estimate the extent of shared timing while
allowing country-specific deviations.

Such models would answer questions that the present analysis cannot resolve: whether a common G7 component exists, which
countries lead or lag that component, and whether broad country-level posteriors result from gradual adjustment or several discrete
shifts. They are therefore presented as future methodological extensions rather than as analyses already performed.

Appendix D. Computational reproducibility and model-reporting details
The computational archive contains theG7 source extract, the derived panel ofHt and ξ t , the country-level change-point summaries,
Python source files, compact numerical summary tables, and the software environment specification. The entropy implementation
uses the documented 5-year moving-average residual construction, a rolling window of up to 10 observations with a 6-observation
minimum at the beginning of the series, a Hann taper, zero-padding to the next power of 2, a real Fourier transform, within-window

Table C1. Country-specific posterior summaries for the single-mean-shift model

Country Mean Mode 90% credible interval Interpretation

Canada 1998.3 2003 1982–2016 Broad and multimodal
France 1984.8 1981 1980–2009 Early-1980s mode with a long upper tail
Germany 1998.2 1985 1982–2018 Broad and multimodal
Italy 2007.9 2008 2007–2010 Comparatively concentrated
Japan 1998.4 1987 1981–2016 Broad and multimodal
United Kingdom 2000.2 1980 1980–2017 Broad and multimodal
United States 2007.2 2009 1985–2010 Late-2000s mode with a broad lower tail
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power normalization, and normalized Shannon entropy. The Bayesian implementation fits each country independently with PyMC
using two chains, 2000 tuning iterations, and 2000 retained draws per chain, with target_accept = 0.9 and random seed 123.

The repository is intended to permit full regeneration of the derived series, figures, and change-point summaries. The posterior
histograms and interval summaries are produced from the saved workflow. Reproducibility is therefore based on the public code,
input data, environment specification, and fixed random seed rather than on undocumented manual adjustments.
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