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Abstract

Long paleoclimate time series combine strong persistence, multiple orbital-scale periodic-
ities, and structural changes across climate states. These features complicate the statis-
tical analysis of deep-time proxy records, since common spectral peaks do not necessarily
imply stable relationships between variables. We analyze Cenozoic climate variability us-
ing the Cenozoic Global Reference benthic isotope record over the last 67.1 million years.
The cleaned and interpolated 50 and §'3C series are studied in a regime-based setting,
with segments defined by major Cenozoic climate-state transitions to investigate if a sta-
ble coupling occurs between the isotope proxies and Earth’s astronomical variables. The
analysis combines long-memory estimation, sequential frequency identification, frequency-
adapted unit-root and stationarity testing at zero and harmonic frequencies, and cyclical
fractional cointegration. This allows us to distinguish zero-frequency persistence from persis-
tent cyclical behaviour and to test whether shared cyclical frequencies correspond to stable
frequency-specific relationships between the proxies and orbital reference variables. The
results show that the proxy series are not well described by a simple stationary versus unit-
root dichotomy. Instead, they exhibit persistent long-memory dynamics with pronounced
cyclical structure. Shared spectral peaks occur across several climate-state segments, yet
only selected frequencies support stable fractional cointegration. Thus, isotope proxies and
orbital reference variables may overlap spectrally without necessarily forming a stable long-
memory relationship. A key finding is that the additional split at the Eocene—Oligocene
transition reveals a change in the frequency-specific relationship between 680 and §'3C.
Before the transition, stable fractional cointegration is associated with an orbital-scale band,
whereas after the transition it shifts toward multi-million-year variability. This points to
a substantial reorganisation of the frequency-specific coupling between the oxygen- and
carbon-isotope records after the transition.
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1 Introduction

Understanding Earth’s climate history helps to assess how climate may evolve in the future. Most
econometric and statistical work with paleoclimate proxies focuses on the late Pleistocene, roughly the
last 800 thousand years, often using the Lisiecki-Raymo-04 data (Blazsek et al., 2024; Castle et al., 2012;
del Barrio Castro et al., 2025). While this period is important, it represents only a glimpse of Earth’s
climate history. However, many key climate dynamics, including major shifts between climate states,
play out over much longer periods. Deep-time proxy series raise basic statistical problems. They often
show strong persistence, multiple cycles, and changes in the mean, variance, and dynamics over time.
In addition, paleoclimate datasets are commonly compiled from different sites and species and rely on

different age models, which limits comparability and pose a challenge to apply time series methods.

A new opportunity arises from the Cenozoic global reference benthic isotope dataset (CENOGRID)
constructed by (Westerhold et al., 2020). CENOGRID provides proxy data covering the last 67.1 million

years under a single age model and with astronomical tuning primarily based on Earth’s eccentricity.

While orbital-scale cycles are commonly reported in paleoclimate proxy records, the presence of sim-
ilar frequencies does not necessarily imply stable long-run relationships with astronomical forcing. In
this paper, we therefore investigate whether the cyclical behaviour of benthic 680 and §'3C is only
spectrally similar to Earth’s orbital variables, or whether it forms long-term stable frequency-specific
long-memory relationships with them. We not only test for cyclical cointegration in the full 67.1-million-
year CENOGRID record, but also adopt a regime-based approach and split the sample into seven intervals
following the major Cenozoic climate-state transitions identified by Westerhold et al. (2020), including

the Eocene—Oligocene transition.

Our analysis proceeds in three steps. First, we estimate the persistence structure of the proxy series and
identify dominant cyclical frequencies in 6180, §'3C, eccentricity, obliquity, and climatic precession using
long-memory methods and GARMA-based filtering. Second, we adapt Augmented Dickey-Fuller-type
unit-root tests and Kwiatkowski-Phillips-Schmidt-Shin-type stationarity tests to the cyclical structure
of the data. By incorporating the GARMA-identified harmonic frequencies through trigonometric re-
gressors and frequency-specific transformations, we examine whether the identified persistence is better
described by zero-frequency unit-root behaviour, stationarity, or persistent cyclical behaviour at harmonic
frequencies. Third, we test whether shared cyclical frequencies correspond to stable frequency-specific
relationships using cyclical fractional cointegration. The contribution of this paper is a regime-based
econometric framework for deep-time proxy data that separates common spectral peaks from statistically
stable cyclical dependence. This allows us to assess how the coupling between isotope proxies and orbital

forcing changes across Cenozoic climate states.

The remainder of the paper is structured as follows: in section 2 we describe the data and preprocessing.

Section 3 includes estimation of the long memory parameter, and identification of dominant cycles.

9.
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Section 4 presents the unit root and stationarity tests followed by section 5 reporting the cyclical fractional
cointegration results. In section 6 we conclude the paper highlighting its strengths, limitations, and

remaining research potential.

2 Data

The main dataset used in this study is the Cenozoic Global Reference benthic foraminifer carbon and
oxygen isotope record (CENOGRID), developed by Westerhold et al. (2020). This dataset is constructed
from benthic foraminifera found in deep-sea sediment cores collected from globally distributed drill sites.
It provides a continuous record of Earth’s climate over the past 67.1 million years, with improved preci-
sion due to a revised age model and astronomical tuning based on Earth’s orbital eccentricity (solution
La2010b). This astronomical tuning ensures the alignment of the proxy data with absolute geological
time. Precise dating of the observations is limited by the relatively short lifespan of benthic foraminifera
and the inherent complexity of dating ocean sediment layers (Corliss and Silva, 1993; Gooday, 2003;
Schwing et al., 2015). Compared to earlier datasets, such as the highly recognized and widely used LR04
stack, which spans the past 5.3 million years (Castle and Hendry, 2020; del Barrio Castro et al., 2025),
CENOGRID offers greater temporal depth and resolution, making it particularly suitable for analyzing
Earth climate history. The published dataset provides several variables, including raw and interpolated
versions of the two stable benthic isotope ratios, Oxygen-18 to Oxygen-16 (§'%0) and Carbon-13 to
Carbon-12 (§13C). We focus on the interpolated series, since our main interest is the statistical analysis
of the proxy dynamics rather than additional preprocessing or reconstruction of the raw proxy data. The
5'80 series serves as a proxy for global ice volume and deep-sea temperature. While it is possible to
convert §'80 values into absolute temperature estimates using the equations provided by Hansen et al.
(2013), such transformations are discouraged to use due to the risk of misleading interpretation and
unsuitable comparison (Davidson et al., 2016). The §'3C series is used to track changes in the global

carbon cycle, which cannot serve as a direct proxy for COs.

For our analysis, we use the binned and interpolated versions of the series, which offer equidistant sam-
pling at 5 thousand years! (kyr) intervals for the Paleocene and Eocene (67.1-34 Ma) and 2 kyr intervals
from the Oligocene to the Holocene (34-0 Ma). To ensure consistency across the entire Cenozoic, we
further interpolate the full record to a uniform 5 kyr resolution. In contrast to Boettner et al. (2021) and
based on the earlier findings of Schulz and Mudelsee (2002), we do not detect any significant distortion of
the statistical properties due to interpolation. Besides the slow, orbitally driven climatic trends, Earth’s
climate system occasionally exhibits short-lived aberrations, for example during episodes of massive car-

bon or methane release. The most pronounced of these events in the Cenozoic occurred around 56 Ma and

Million annum (Ma) refers to an absolute time point in the past, whereas Million years (Myr) and
thousand years (kyr) denote time spans or durations.

-3
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is known as the Paleocene-Eocene Thermal Maximum (PETM). To account for event-related deviations,
we clean the proxy records using the indicator saturation algorithm (Castle et al., 2012; Marczak and
Proietti, 2016), using the iterative auto-search block selection algoritm of Sucarrat and Escribano (2012)
which is available in the program Eviews 14. We identify and model outliers and structural breaks within
that period based on this general-to-specific approach, detecting a persistent level shift in §'>C captured
by a step-trend intervention over 56.11-55.61 Ma, and a temporally confined step-trend intervention in
580 between 55.95-55.78 Ma. These interventions are explicitly modelled to obtain cleaned series for
subsequent analysis. Fig. 1 shows the original time series (blue) and the cleaned series (black), with

deviations confined around the PETM, indicating that the cleaning affects only a short period.

Cret Paleocene ’ Eocene ‘ Oligocene ‘ Miocene ‘ Plio ‘ Plei ‘

»
o

o o A
o o o

benthic 520 (%o)

H w0 DN
o o o

a
o

7a
: : : :

N
o

: : M ‘
; S5 ; [ s7
|| Coolhouse | | :

benthic 5 ">C (%)
o
o

; s3 ; S4
1 Warmhouse 1 Coolhouse

20
65 60 55 50 45 40 35 30 25 20 15 10 5 0
Age (Ma)

-- Actual — Cleaned
Figure 1: Interpolated equidistant 50 and §'3C, with breaks according to Westerhold
et al. (2020) in 6'3C.

In addition to temporal alignment, we preprocess both proxies to extract the long-term trend component.
Especially, 680 seems to have structural breaks in the trend and possibly also in the variance. For this
reason, we segment the series using the climate state transitions identified by Westerhold et al. (2020)
based on shifts in the §'3C record. The resulting seven segments span the intervals 67.1-56.005 Ma, 56—
47.005 Ma, 47-34.005 Ma, 34-13.905 Ma, 13.9-7.005 Ma, 7-3.305 Ma, and 3.3-0 Ma (see Fig. 1). While
the break at 7 Ma is not present in §'®0 we retain it in both series to maintain consistency. Econometric

methods for break point estimation confirm these transitions in time (see Bennedsen et al., 2025).

Astronomical Solutions and Orbital Forcing Variables
The CENOGRID age model is astronomically tuned to La2010b eccentricity (orbital solution); obliquity

and precession (precession-tilt solutions) La2004 were additionally used for tuning only in the 0-20 Ma

4.
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interval due to increasing solution uncertainty in deeper time (Westerhold et al., 2020). In this paper,
we use La2010b for eccentricity to remain consistent with the astronomical tuning of the CENOGRID
Westerhold et al. (2020). Since La2010b provides only eccentricity, obliquity and climatic precession are
taken from the La2004 solution (Laskar et al., 2004). We acknowledge that La2004 is considered outdated,
with increasing uncertainty beyond approx. 20 Ma and significant unreliability beyond 40-50 Ma due
to solar system chaos, which causes astronomical solutions to diverge unpredictably (Zeebe and Kocken,
2025; Laskar et al., 2011; Westerhold et al., 2020). More recent solutions, such as ZB18a (Zeebe and
Lourens, 2019), are geologically constrained and provide improved accuracy for the Cenozoic. However,
combining La2010b eccentricity with ZB18a obliquity and precession might introduce inconsistencies due

to these solutions being computed in different reference frames (Zeebe and Kocken, 2025).

We therefore use La2010b eccentricity and La2004 obliquity and climatic precession as orbital reference
series for the identification and comparison of dominant cyclical frequencies. This choice represents a
pragmatic trade-off between consistency with the CENOGRID age model and the known limitations of
astronomical solutions in deep-time. Accordingly, results involving obliquity and precession in the older
part of the record should be interpreted with caution. A comprehensive review of the application of
astronomical solutions in Earth sciences, including their limitations and valid time spans, can be found
in Zeebe and Kocken (2025). A study on the role of the orbital variables also known as Milankovitch

cycles on the last 65 Ma can be found in Zachos et al. (2001).

To illustrate the cyclical behaviour of the astronomical and precession-tilt variables, we show in Fig. 2A a
zoom-in for the most recent 410 kyr, which approximately covers one long eccentricity cycle. In addition,
the orbital variables for the whole Cenozoic are provided in Fig. 2B in the Appendix. This full timescale
display shows the long-term behaviour of the orbital forcing variables, but also highlights why a zoom-in

is needed to make the shorter cyclical components visually distinguishable.

3 Modeling the long memory of the cyclical trends

In this section, we first examine the persistence structure of the cleaned proxy series and then identify
the dominant cyclical frequencies. This step is necessary before testing for unit roots and stationarity at
the zero and harmonic frequencies, since the relevant frequencies have to be determined from the data.
Long memory processes are characterized by a hyperbolic decay of the autocorrelation function. They
can be defined through the form of the spectral density near the origin, which is given by

flw) ~ cfond, w — 0+, (1)

where ¢y is a finite positive constant, d is the memory parameter and ~ means that the fraction of the

left- and right-hand side of the equation is one. The parameter d drives the dependence structure of the

- 5.
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Figure 2A: Orbital variables for the most recent 410 kyr. From top to bottom panel:
eccentricity (Laskar2010b), obliquity, and climatic precession (Laskar2004). Full time
span can be found in Fig. 2B.

esin®

process being stationary for 0 < d < 1/2 and non-stationary for /2 < d < 1. The boundary case d = 1/2
marks the loss of second-order stationarity and is the critical threshold between stationary long-memory
and non-stationary behaviour. d = 0 is the standard short memory case and d = 1 describes integration

of order one (Beran, 1994).

In a first step, we inspect the autocorrelation function plots of the segmentwise linearly detrended proxy
series. For both proxies, the autocorrelation functions show a slow decay in the Full Sample and in
Segments 1-4; for §'3C, this pattern is also visible in Segment 5 (Fig. 4). These results are in favour
of possible long-memory behaviour. Based on this diagonostic evidence, we continue to estimate the
memory parameter d for the Full Sample and for each of the previously defined segments. In a second
step, we use the GARMA-based filtering procedure of Leschinski and Sibbertsen (2019) to identify the

relevant cyclical frequencies and the corresponding memory parameters.

In each case we apply the local Whittle (IW) estimator and the robustified local Whittle estimator by
Hou and Perron (HP) which is robust against so-called low-frequency contamination such as structural
breaks or trends. If both estimators give similar results it is an indicator that no further low frequency
contamination is in the data otherwise the data may contain of structural breaks or trends and the HP

estimator might be more reliable.

Both estimators are semiparametric as they are based on the form of the spectral density as given in
equation (1) near the origin. The IW estimator was introduced by Kuensch (1987). It is obtained by

minimizing a local version of the Whittle contrast function around the origin,
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m

R(d) = log(— Z — %d i log wj, (2)
j=1

where m is the bandwidth giving the number of observations used in the estimation and I; is the pe-
riodogram of the process X;,t = 1,...T evaluated at the Fourier frequencies w; = 2% and defined as
Ij = I(w)) = grp |3, Xee™'?.

To robustify the memory estimation to possible structural breaks or trends Hou and Perron (2014)

proposed a modified IW estimator based on minimizing the modified contrast function

R(d) = R(d) = los(~ D" (1;/9;) + Zloggj, (3)

Jj=1

with g; = w; d 4 90.1 2 /T and 6 is an additional parameter representing the signal-to-noise ratio of the

long-memory signal and the contamination.
For both estimators, we use in this paper a bandwidth of m = T°:65.

The proxy series show clear indication of long-range dependencies. The results are given in Tab. 8 in
the Appendix. For §'30 values in the nonstationary region, this is d > 0.5, are estimated for the whole
series, Segment 1 and Segment 3. In the other segments the persistence decreases and remains in the
stationary region with d < 0.5. Differences between the two estimators can be found for the whole series
as well as for the Segment 3 and 7, indicating some low-frequency contaminations in these segments. For
0'3C similar results are obtained. In general, §'3C shows a higher persistence than 680 with memory
parameters in the nonstationary region for the first five segments (until the end of the Miocene). Low
frequency contaminations seem more common for §'3C and can be found in all segments but the last one
(Icehouse). However, the low-frequency contaminations cannot be explained solely by a possible linear
trend (Tab. 9 in the Appendix). As we rerun the estimates on the linearly detrended proxy series there is

in some segments, but not in all segments and for both estimators a decrease in the memory parameter.

In the next step, we estimate the cycles in both series. To do so, we assume a GARMA model and apply

the model selection procedure of Leschinski and Sibbertsen (2019).

The idea of this method is to sequentially estimate and filter the cyclical frequencies of a long-memory
time series. The basic idea is as follows: First, the maximum of the periodogram is identified and
tested for being a significant cyclical peak. Next, the memory parameter at this peak is estimated by
IW estimation, and the corresponding Gegenbauer filter is applied to the time series. This procedure is

repeated until no significant peak remains.

The model class assumed for the data is the k-factor Gegenbauer model (or GARMA-filter), defined as

k
H(l — 2coswa L + L)% X, = uy, (4)

a=1

ST -
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where u; is a linear short-memory process with continuous, bounded, and positive spectral density, and d,
is the memory parameter associated with the a-th cyclical frequency w,. L denotes the usual lag-operator.

The spectral density of model (4) is given by

k

fx (W) = fulw) H|2(cosw — coSw, )| 2%, (5)

a=1
For d, > 0, the spectral density has poles at the cyclical frequencies w, with a = 1,..., k, reflecting the
long-memory behaviour of the process. If w; is a finite order ARMA process, the process (4) coincides
with the GARMA-k model of Giraitis and Leipus (1995) which is causal, invertible, and exhibits long
memory if |dg|< /2 Vw, € (0,7) and if |dy|< /4 Vw, € {0,7}. The process is fractional and nonstationary
if 12 < dg < 1.

Let the partial parameter vector 69 = (w9, ..., w? d9, ..., d?)l contain a subset of the true cyclical frequen-

cies w? and the respective memory orders d at these frequencies for some non-negative integer i, and let
6y denote the empty vector. Further, denote the Gegenbauer filter by GG(w,, dg) = (1 —2cosw, L+ L?)%
and set A(6;) = Hfz:l GG(wq,d,). If kO is the true order of the process, the procedure is motivated by
the observation that for i < k° the filtered process remains a Gegenbauer process of order k£ — i and
therefore has an unbounded spectral density. For i > k° the filtered series is short memory and has

bounded spectral density.

To test whether any unbounded peaks in the spectral density, a modified version of the Walker (1914)

g-test is applied. The test statistic is defined as

G* = max { {(wj) } —logmn, (6)

(w;)

where I(w;) is the periodogram and f (wj) is an estimator of the spectral density as detailed in (Leschinski

and Sibbertsen, 2019).

Using this, the estimated model order is obtained as

k=min{i such that G*(6;) < gerar()}, (7)

where gerit(«) denotes the critical value of G* at significance level a. A consistent estimator &, for the

Gegenbauer frequency w,, is obtained from the maximum of the periodogram (see Abadir et al. (2024))

Wq(0;) = arg max I(w;, 0;) (8)

J

and the cyclical IW estimator of Arteche and Robinson (2000), applied to the periodogram of the filtered

series, can serve as an estimator d, for the memory parameter.

-8 -



220

221

222

223

224

225

226

227

228

229

Abadir et al. (2024) suggest an alternative model to the Gegenbauer process used in our approach. They
note that the distribution of the IW estimator is unknown when the cyclical frequency is unknown,
implying that the Gegenbauer model requires known cyclical frequencies. In our case, however, the cycles
are driven by astronomical forcing and may also be affected by long-term tectonic-volcanic processes, and
are therefore not completely random (Boulila, 2019). Here, identifying the number of relevant frequencies
is the primary objective, and estimating their locations is to some extent confirmatory. For this reason, we
apply the model selection framework of Leschinski and Sibbertsen (2019), which relies on the Gegenbauer
model, and use the maximum of the periodogram as an estimator for the cyclical frequency as suggested

by Abadir et al. (2024).

Altogether, our filtering procedure consists of the following steps:

230 Step 0: Initialize the procedure with i = 0 and set 6; to be the empty vector 6,

231 Step 1: Apply the filter AT(éi) to the time series X;

232 Step 2: Test whether there are any significant poles in the spectrum of Az (6;)X; using the modified G*

233

234

test in (6) and proceed to step 3 if the test rejects the null hypothesis that £ = i otherwise proceed

to step

235 Step 3: Estimate w?H and d?+1

26 Step 4: Increase i by 1 and go back to step 1

237 Step 5: Estimate k£ by the estimator (7).

238

239

240

241

242

243

244

245

246

247

248

249

250

251

252

In detail, this means the following. We first test on the original series X; if there are any significant poles
in the spectral density indicating potential cycles, by applying the test statistic in (6). If the test rejects
the null hypothesis of no cycles, we estimate one cycle by taking the maximum of the periodogram as in
(8) and by estimating the corresponding memory parameter. In the next step, we filter out this identified
frequency and repeat the procedure. That is, we test on the filtered series (1 — 2coswq L + L?)% Xy,
whether there are any additional significant cycles. If the test rejects the null hypothesis again, we take
the maximum of this filtered periodogram as an estimate of the second significant cycle and estimate the
memory parameter. This procedure is repeated until the test in (6) no longer rejects. This gives the
number of significant cycles and their frequencies, as described in (7). The consistency of this method is

proven in Leschinski and Sibbertsen (2019).

Fig. 3 shows the periodograms for cleaned and segmentwise linearly detrended §'30, §'3C; eccentricity,

obliquity, and precession, in all cases for the Full Sample.

The dominant frequencies selected by our GARMA filtering procedure (Tab. 1) are included by red dashed
vertical lines. A single, well-isolated and narrow peak in the estimated spectral density is consistent with

a coherent harmonic-like cyclical component, as most of the power concentrates at mainly one frequency

- 9.
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Figure 3: Periodograms for (cleaned) segmentwise linearly detrended §'80, 6'3C, and

orbital variables (eccentricity, obliquity, and climatic precession) for the Full Sample.

(Priestley, 1962). This is most pronounced for eccentricity, where a dominant low-frequency peak is
clearly visible at w = 0.0777 and distinguishable from the remaining higher-frequencies, which appear as
a cluster of nearby peaks. This type of clustering is more evident for obliquity and climatic precession,
where the elevated power is distributed over a frequency band rather than concentrated in a single peak
in the spectral density. In contrast, such clustered frequencies suggest less coherent cycling, consistent
with stochastic cyclicality and/or frequency modulation over long time spans. Thus, this motivates our
flexible long memory cyclical modeling framework and the sequential peak identification and filtering
procedure. Overall, the visually observed peaks in the periodograms are in line with our estimated

cyclical frequencies reported in the Tab. 1 below.
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Table 1: Results for the orbital variables.

Eccentricity ‘ Obliquity ‘ Precession

Full Sample

k 4 4 2

W, | 0.0777 (404); 0.3298 (95); 0.2532 (124); 0.5814 (54) | 0.8080 (39); 0.0005 (67.1x10%); 1.0976 (29); 0.77 (41) 1.6718 (19); 1.3676 (23)

d, 0.2294; 0.4399; 0.3956; 0.3916 0.6884; 0.4284; 0.3167; 0.5957 0.4617; 0.5471
Segment 1

k 3 3 3

Wy 0.0764 (411); 0.3298 (95); 0.2513 (125) 0.8095 (39); 1.1287 (28); 0.6255 (50) 1.4463 (22); 1.7002 (18); 1.368 (23)

d, 0.5282; 0.3857; 0.6834 0.9483; 0.0204; 0.7666 0.6869; 0.4722; 0.7469
Segment 2

k 3 3 3

Wa 0.0768 (409): 0.3159 (99); 0.5718 (55) 0.7994 (39); 1.0881 (29); 0.6177 (51) 1.3614 (23); 1.6919 (19); 1.4402 (22)

d, 0.7343; 0.5981; 0.0879 0.9936; 0.4243; 0.7662 0.6478; 0.5363; 0.8852
Segment 3

k 3 3 4

Wa 0.0773 (406); 0.3299 (95); 0.2533 (124) 0.7926 (40); 0.6113 (51); 1.0764 (29) 1.3533 (23); 1.6836 (19); 1.4320 (22); 0.5596 (56)

d, 0.2283; 0.3886; 0.7107 0.9353; 0.7790; 0.25 0.6571; 0.4419; 0.5538; 0.2340
Segment 4

k 4 4 3

w, | 0.3306 (95); 0.2529 (124); 0.0772 (407); 0.5715 (55) | 0.7784 (40); 1.0702 (29); 0.5969 (53); 0.0016 (19.9x10%) 1.3395 (23); 1.6719 (19); 1.4169 (22)

d, 0.304; 0.6371; 0.2518; 0.0787 0.906; 0.3441; 0.4855; 0.1392; 0.1557 0.6106; 0.4378; 0.6281
Segment 5

k 2 3 4

Wa 0.0774 (406); 0.3302 (95) 0.774 (41); 1.0961 (29); 0.5914 (53) 1.334 (24); 1.6648 (19); 1.4091 (22); 1.9129 (16)

d, 0.8534; 0.5237 0.9775; 0.2030; 0.6278 0.7358; 0.6018; 0.9999; 0.0344
Segment 6

k 3 2 3

Wy 0.0764 (411); 0.3185 (99); 0.5847 (54) 0.7727 (41); 1.0587 (30) 1.3331 (24); 1.6612 (19); 1.405 (22)

d, 0.4446; 0.7337; 0.2453 0.9999; 0.814 0.9999; 0.9749; 0.9999
Segment 7

k 3 3 3

Wy 0.076 (413); 0.3282 (96); 0.5783 (54) 0.77 (41); 1.0906 (29); 0.5881 (53) 1.3308 (24); 1.6601 (19); 1.4017 (22)

d, 0.4685; 0.7197; 0.2203 0.9999; 0.8564; 0.8171 0.9775; 0.9784; 0.9999

Note: Model order (k), cyclical frequencies (w,) and memory parameters (d,). Cycles are listed in the

order of the iterative identification procedure; cycle lengths in kyr are given in parentheses.

For the equidistant series, we use segment-wise linearly detrended data based on the cleaned record.

We linearly detrend in order to make the cyclical long memory structure more interpretable and reduce

low frequency contamination.

The identified relevant cycles are listed in Tab. 2. We also explored

nonparametric detrending approaches, including the Hodrick—Prescott filter, which requires choosing a

suitable smoothing parameter A\, and automated locally estimated scatterplot smoothing (LOESS). In

both cases, we found that different parameter choices led to oversmoothing effectively removing any

cycles.

Here, the frequency of approx. 0.77 coincides with obliquity representing a 41 kyr cycle and the frequency
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Table 2: Results for the equidistant (cleaned) CENOGRID.

5180 ‘ 513C
Full Sample
k 4 3
We | 0.0047 (6.7x10%); 0.0778 (404); 0.7661 (41); 1.3279 (24) | 0.0037 (8.4x10%); 0.0778 (404); 0.7694 (41)
d, 0.1893; 0.0282; 0.1815; 0.0655 0.259; 0.0608; 0.1266
Segment 1
k 2 1
Wy 0.0028 (11.1x10%); 2.3853 (13) 0.0028 (11.1x10%)
d, 0.3685; 0.0266 0.4091
Segment 2
k 3 3
Wy 0.0035 (9x10%); 0.3159 (99); 0.0777 (405) 0.0035 (9x10%); 0.3159 (99); 0.0777 (405)
d, 0.2132; 0.0823; 0.1590 0.2924; 0.1018; 0.2085
Segment 3
k 1 2
Wa 0.0097 (3.3x10%) 0.0072 (4.3x10%); 0.2523 (125)
d, 0.2555 0.3084; 0.0482
Segment 4
k 1 2
Wy 0.0016 (20.1x10%) 0.0031 (10.1x10%); 0.0768 (409)
d, 0.2261 0.3056; 0.2241
Segment 5
k 3 2
Wy 0.0091 (3.5x10%); 0.77 (41); 1.3275 (24) 0.0046 (6.9x10%); 0.7843 (40)
d, 0.145; 0.0369; 0.0551 0.3376; 0.0092
Segment 6
k 1 1
Wa 0.7727 (41) 0.0085 (3.7x10%)
d, 0.066 0.0847
Segment 7
k 2 3
Wy 0.77 (41); 0.2451 (128) 0.77 (41); 0.0193 (1.6x10%); 0.3186 (99)
d, 0.1419; 0.1721 0.0135; 0.0721; 0.1329
67.1-34.005 Ma
k 2 2
Wa 0.0047 (6.62x10%); 0.0779 (403) 0.0028 (11x10%); 0.0779 (403)
d, 0.2821; 0.1403 0.3025; 0.1314
34-0 Ma
k 1 3
Wy 0.0037 (8.5x10%) 0.0037 (8.5x10%); 0.0777 (404); 0.7691 (41)
d, 0.145 0.2487; 0.0828; 0.1278

Note: Model order (k), cyclical frequencies (w,) and memory parameters (d,). Cycles are listed in the
order of the iterative identification procedure; cycle lengths in kyr are given in parentheses.

of approx. 1.33 with precession representing a 23 kyr cycle. In eccentricity, the frequency of approx. 0.0777

represents a 404 kyr cycle, while approx. 0.32 is a 100 kyr cycle.
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4 Unit Root and Stationarity Tests

In Section 3 we use the methodology of Leschinski and Sibbertsen (2019) to determine the highest
significant peaks in the periodogram of §'80 and §'3C for the Full Sample and the seven segments. This
approach also allows us to assess the degree of long memory at these frequencies. To validate the findings,

we additionally test for unit roots and stationarity at the frequencies identified by the procedure.

4.1 Unit Root Tests

For the zero frequency, we test for the presence of a real unit root associated with the standard difference
operator (1 — L) = A. For the other harmonic frequencies, we test for the presence of a pair of complex
conjugate unit roots associated with the lag polynomial (1 —2cos (w;) L+ L2) = A¥i, where wj is the
frequency with a significant peak identified by the method of Leschinski and Sibbertsen (2019) with
0 < w; < m. For this purpose, we use the following augmented Dickey-Fuller test associated to the zero

frequency:

k k P
Az, =a+ ft+ Z &5 cos (wj) + Z d7 sin (wj) + pxp—1 + Z%Axt_i + &4 (9)

j=1 j=1 i=1

Hy:p=0 vs. Hi:p<0

In the regression (9), we include, in addition to the intercept and trend, trigonometric dummies associated
with the frequencies w; with j = 1,...,k. These frequencies correspond to significant peaks with 0 <
w; < m, ie., frequencies different from zero. As shown in Smith et al. (2009), the distribution of the
t-statistic for p coincides with the standard Dickey-Fuller distribution for a model with a constant and a
linear trend. The inclusion of these regressors therefore does not alter the limiting distribution of the test.
Furthermore, del Barrio Castro et al. (2013) show that the presence of persistent cycles (integrated cycles
of the form (1 —2cos(w;) L + L?), or near-integrated cycles of the form (1 —2cos (w;) ¢; L + ¢?L2))2
can be handled simply by augmenting the Dickey-Fuller regression with lagged values of Ax;. That
is, the lag order in (9) must be sufficiently large to capture persistent cycles at non-zero frequencies as
well as possible residual autocorrelation. del Barrio Castro et al. (2013) show that the AIC performs
well for selecting the appropriate lag length. Poskitt (2007), based on results by Shibata (1980), shows
that long-memory (fractionally integrated) processes can be approximated by high-order autoregressions.

Thus, the augmentation in (9) can also accommodate stationary long-memory and persistent cycles at

’In del Barrio Castro et al. (2013) it is shown, for example in the simple case of a process like
(1 —2cos (w;j) L+ L2) (1—-L)y; = &¢ and &; white noise, you only need to augment the Dickey-Fuller
regression with two lags to have good inference about the presence of a unit root at the zero frequency.
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frequencies 0 < w; < 7. Following Poskitt (2007), we consider a maximum lag order of 27 1/2 " where
T is the sample size, rather than the classical order pr that satisfies Berk’s (1974) rate condition (e.g.
pr/T — 0).

To test for a pair of complex unit roots at the harmonic frequencies where the method of Leschinski and

Sibbertsen (2019) identifies a significant peak, we use the following regression:

k k

P
A% gy = o+ Bt + Z oy, cos (wp) + Z 43 sin (wj) + pr&e—1 + paxe—o + Z%Awfxt,i + . (10)
h=1 h=1 i=1

Ho:p1:p2=0 VS. H1:p17507 p2 >0

The distribution of this joint test for the null of a couple of unit roots at the harmonic frequency w;
(0 < w; < m) corresponds to the F-type test reported for the Hylleberg-Engle-Granger-Yoo regression for
the presence of a couple unit roots at a seasonal harmonic frequency (del Barrio Castro et al., 2013; del
Barrio Castro and Sanso Rossello, 2015; Ghysels et al., 1994), including seasonal dummies. Note that
the distribution of the test is not affected for the deterministic trend associated with the zero frequency.
In the case of regression (10), the order of augmentation is also selected based on the Akaike Information
Criterion, with a maximum lag of 27"/2. This augmention allows the regression to account for persistent

cycles (integrated, near integrated, or long memory) as well as serial correlation.

The results are reported in Tab. 3 and 4:
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Table 3: Results of the unit root tests for 6'*0 (cleaned).

W, 7eTo 0.0047 0.0778 0.7661 1.3279
Full Sample -1.7283 | 50.4386*** | 52.1925"* | 13.0689"** | 26.5833"
W, 0 0.0028 2.3853 - —
Segment 1 | -7.5791"** | 354.3355"* | 409.2453"* | —— —
W, 0 0.0035 0.3159 0.0777 —
Segment 2 | -4.6633"* | 25.7414"* | 16.6664** | 31.4233* | —
W, 0 0.0097 — — -
Segment 3 | -3.5676* | 39.7342"* | —— — -
w, 0 0.0016 — — —
Segment 4 | -4.0723"* | 90.0476** | —— — —
w, 0 0.0091 0.77 1.3275 —
Segment 5 | -13.6767*** | 488.1827"* | 344.0917** | 331.0965"* | ——
W, 0 0.7727 — — —
Segment 6 | -3.8691* | 13.0828"* | —— — —
w,j 0 0.77 0.2451 - —
Segment 7 | -4.4741%** | 7.5824* | 234937 | —
w, 0 0.0047 0.0779 - -
67.1-34.005 Ma | -2.2618 | 305.3542"* | 712.0796"* | —— —
W, 0 0.0037 — — -
34-0 Ma -0.2505 | 34.6709** | — —

Note: The zero-frequency test is a lower-tail test with critical values of —3.12, —3.41, and —3.96
at the 10%, 5%, and 1% significance levels. Significance is indicated by asterisks: *, ** and ***.
For the harmonic frequencies, the test is an upper-tail test with critical values of 5.64, 6.67, and
8.79 at the 90%, 95%, and 99% significance levels. Significance is likewise indicated by *, **, and
***. Results for the zero frequency are obtained from regression (9), and results for the harmonic

frequencies from regression (10).
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Table 4: Results of the unit root tests for §'3C (cleaned).

wj Z€ero 0.0037 0.0778 0.7694

Full Sample -2.1756 33.5653*** 39.7453** 28.6628"**
wj 0 0.0028  —  —
Segment 1 -2.99 20.9818***  — —
w; 0 0.0035 0.3159 0.077

Segment 2 -3.8872* | 39.7183*** 33.335™** 35.4114***
wj 0 0.0072 0.2523 —
Segment 3 -4.5834*** | 168.8772*** 132.491**  —
wj 0 0.0031 0.0768 —
Segment 4 -2.987 43.0138** 32.5317* —
w; 0 0.0046 0.7843 —
Segment 5 -3.4926™* 20.9191** 8.074** —
w; 0 0.0085 — —
Segment 6 -3.5598"* | 18.4218*** — —
w; 0 0.77 0.0193 0.3186

Segment 7 -9.5205"* | 126.396*** 194.0411%* | 105.8775***
w; 0 0.0028 0.0779 —
67.1-34.005 Ma | -1.9052 37.1273** 29.6082*** —
Wy 0 0.0037 0.0777 0.7691

34-0 Ma -9.5123** | 1807.0892*** | 1755.0881"** | 2682.5046***

Note: Please see Tab. 3.

We do not find evidence of integration or of a couple of complex conjugate unit roots at the harmonic
frequency. As an example, for 6'3C in Segment 3, the test rejects the null of a unit root at the zero

frequency, indicating evidence against a classical zero-frequency unit root in this subperiod.

However, for the total sample and for some subperiods we do find evidence in favor of a unit root at the
zero frequency. Note also that whenever a unit root at the zero frequency is detected, there is always
a relevant peak at a harmonic frequency such as 0.0037 or 0.0028 (6**C Full Sample and Segment 1),
which is very close to the zero frequency. As shown in del Barrio Castro et al. (2013), in such situations
it is difficult to disentangle to what extent the result at the zero frequency is influenced by the nearby

harmonic peak.

4.2 Stationary tests

As a complementary analysis we also compute the stationary test for the zero and the harmonic frequen-
cies for which we previously have tested for unit roots. In particular, we compute the zero frequency

stationarity test and at the harmonic frequencies following the lines of the proposals of Taylor (2003a,b).
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Taylor (2003a) provides a comprehensive review of stationarity tests at the zero frequency and at the
harmonic frequencies, and derives the corresponding testing procedures in detail. In Taylor (2003b) the
problem reported by Hylleberg (1995) in the performance of the stationary test in presence of unattended
roots at frequencies different for the one tested is addressed and a solution is proposed that allow the

practitioner to solve the problem of the unattended roots.

The most popular stationarity test is the KPSS test proposed by and named after Kwiatkowski et al.
(1992). This test allows us to test the null of stationary at the zero frequency versus the alternative of

non-stationarity. For our purpose to compute the test we will run the following regression:

k k
Tt :a+ﬂt+Z(Sgcos(wj)+Z§;sin(wj)+5t. (11)

j=1 j=1
In this regression a zero frequency constant and trend is included (a+8t) and also the set of trigonometric
seasonal dummies associated with the frequencies w; with j = 1,...,k , where these frequencies corre-
spond to significant peaks with 0 < w; < m, i.e., frequencies different from zero following the methodology
by Leschinski and Sibbertsen (2019). As shown by Taylor (2003a) we could test the null of stationarity

at the zero frequency by taking the residuals (¢;) of regression (11) and compute the test:

T t 2
do12d
_gt=1 \j=1
S, T v (12)
R q
o= A2 k(@)
j=1

Hy: Stationary at the zero frequency vs. H;: Non-stationary at the zero frequency®

where 5\3 is long-run variance estimator at the zero, 4; is the sample auto-covariance of order j of the
residuals &;, h(q) is a kernel (here we will use the Bartlett kernel) and finally ¢ is the bandwidth (here

we use the rule [Tl/ 3] where [z] denotes the integer part of z). In the case of frequency wy, the test for

3The data generating process for the stationarity test at the zero frequency adapted to our case will be:

k k

xe = pBt+ Z 35 cos (wjt) + Z 85 sin (wjt) + o + et (13)
j=1 j=1
ar = -1t et

under the null hypothesis of stationarity at the zero frequency the innovation of the random walk process o associated
to the zero frequency (ar = az—1 + et) VAR [et] = o2 will be zero 02 = 0, and hence (13) collapses to z¢ = o + Bt +
Z§:1 65 cos (wjt) + Z§:1 67sin (w;t) 4+ €;. Then the null hypothesis of the test is Ho:02 = 0 versus the alternative
Hi: 0'2 > 0.
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stationarity is obtained based on the residuals (&;) of regression (11) using:

T t t
S = (T72)Trace | A" D (D82 | | D 47 (14)
t=1 \j=1

j=1
~ A q A A
Ay = T+ h(g (F'ﬁ + rﬁ’)
h=1
Z { cos (wj) sin (wgj) ]
, 1 &

F% - ? (étZt) (ét7]Z£7J) .

t=h+1

Where Ay, is the long-run variance estimator at frequency wy, and f‘% is sample covariance a this frequency

as well.

Hy: Stationary at frequency wy vs. H;: Non-stationary at frequency wy*

The modification proposed by Taylor (2003b) in computing the tests Sg and S,]; based on expres-

sions (12) and (14) respectively, but in the case of test Sg the residuals obtained from the auxiliary

k
regression (11) will be those replacing z; by H (1—2cos(w;) L+ L?) | z;. In the case ij the
j=1
results will be obtained from (14) but the residuals of regression (11) will be those replacing x; by
k
(1-1L) H (1 —2cos (w;) L+ L?) | 4.
i=1(Vi#£j)

As it is shown in Taylor (2003a,b), critical values for Sy and Sg, are those of the KPSS test when a
constant and a trend are included, the trigonometric dummies do not affect the distribution of test (12).
In the case of tests S; and S Jf when j refers to an harmonic frequency different for the zero frequency, the
distribution of the test is those provided in Canova and Hansen (1995) with seasonal dummies, that is the
distribution of the test (14) it is not affected by the inclusion of a constant and linear trend associated
to the zero frequency. The results for the proxies are reported in Tab. 5 and 6. For completeness, we run

the test also on the orbital variables and provide the results in Tab. 10-12 in the Appendix.

4The data generating process for the stationarity test at frequency wy adapted to our case will be:

k—1 k-1

e = a+pft+ Z 35 cos (wjt) + Z 47 sin (wjt) (15)
j=1 j=1
+05 ¢ cos (wit) + Oy, sin (wit) + e
513,t = 612,15-{-1 +ef
6Z,t = 5Z,t+1 +ef

under the null hypothesis of stationarity at frequency wy, the innovation of the random walk processes 6§ , and J7 , associated
to the wy, frequency (o , = 05 ., +ef and o7 , =63, +ef) VAR[ef] = o2. and VAR [ef] = o2 will be both equal to
zero 02, = 02, = 0, and hence (15) collapses to z+ = o + B8t + Z?:1 6% cos (wjt) + Z§:1 6% sin (w;t) + €. Then the null

e¢
hypothesis of the test is Ho:02. = 02, = 0 versus the alternative Hi:02. >0 02 > 0.
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Table 5: Results of the stationarity tests for §'%0 (cleaned).
wj ZEro 0.0047 0.0778 0.7661 1.3279
Full Sample S; | 3.6503"* | 1.4769*** 0.0896 | 4.0990*** | 2.2022***
ij 0.0010 0.0025 0.0025 0.0446 0.5504

w; Z€ero 0.0028 2.3853 —_— —
Segment 1 S; | 0.1294* 0.6867* 0.3382 — S
S/ 00034 | 00133 | 04091 | — | ——

wj Zero 0.0035 0.3159 0.0777 S
Segment 2 S; | 0.1720™ | 0.9146** 0.5930 0.2140 S
ST 10,0040 0,00793 0,0083 0.0086 S

wj Z€ero 0.0097 —
Segment 3 S; | 0.6703* | 0,6833* —
ST10.0039 | 0.0250 —
wj Zero 0.0016 —
Segment 4 S; | 0.2203"* | 0.8485** —
ST 0.0027 | 0,01324 -

w; Zero 0.0091 0.7700 1.3275 —
Segment 5 S; | 0.1345* 0.4840 | 4.1780*** | 1.2151*** R
sS4 0.0046 0.01355 0.7190* 0.3681 S

w; Z€ero 0.7727 —_—
Segment 6 S; | 0,1102 | 1.9498** —
ST 0.0980 | 1.9555% —

w; Z€ero 0.7700 0.2451 —  —
Segment 7 S; 0.0584 | 2.7559** | 0.7245* — S
ST 00118 | 14859 | 01394 | —— | ——

wj Zero 0.0037 0.0779 —_— S
67.1-34.005 Ma | S; | 6.3915"* | 1.6995*** 0.0164 S —_—
ST 0.0017 0.0040 0.00386 —_— —_—
wj Z€ero 0.0037  m—
34-0 Ma S; | 6.0740"* | 5.6092"** _
ST 0.0015 | 0.0537 —

J

Note: The zero-frequency stationarity test is an upper-tail test with critical values of 0.119,
0.146, and 0.216 at the 10%, 5%, and 1% significance levels. Significance is indicated by
asterisks: *, **, and ***. For the harmonic frequencies, the stationarity test is an upper-tail

test with critical values of 0.610, 0.746, and 1.070 at the 10%, 5%, and 1% significance levels.

kK

Significance is indicated by *, **, and ***. Results for the zero frequency (Sp and Sg ) are

obtained from test (12) using residuals from regression (11); for Sg , residuals are computed
k

after replacing x; by (H (1 —2cos(wj;)L + LZ)) z;. Results for the harmonic frequencies
j=1
(Sk and S,’: ) are obtained from test (14) using residuals from regression (11); for S,]: , residuals
k
are computed after replacing x; by ((1 - L) H (1 —2cos(w;)L + L?) | 4.
i=1(ViZk)
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Table 6: Results of the stationarity tests for §'3C (cleaned).

wj Zero 0.0037 0.0778 0.7694
Full Sample S 2.5496** | 2.0875"** 0.3174 3.5215***
S]f 0.0012 0.0068 0.0067 0.1481
wj Zero 0.0028
Segment 1 S; 0.3914** | 2.8155"**
st 0.0055 | 0.0154
Wj Zero 0.0035 0.3159 0.0777
Segment 2 S 0.2186*** | 1.2116*** 0.7468"* 0.8025**
S]f 0.0038 | 0.0077 0.0072 0.0076
wj Zero 0.0072 0.2523 —
Segment 3 S 0.4453** | 4.0756*** 0.1152 —
ij 0.0050 0.0355 0.0318 —
w; Zero 0.0031 0.0768 —
Segment 4 S 3.3574** | 10.7403*** 0.5456 —
ij 0.0060 0.0153 0.0155 —
w; zero 0.0046 0.7843 —
Segment 5 S; 0.1153 0.4224 0,24886029 | —
ij 0.0047 0.0150 0.1343 —
wj Zero 0.0085
Segment 6 S} 0.1023 0.3858
S 0.0086 | 0.0637
w; 7€ro 0.7700 0.0193 0.3186
Segment 7 S 0.0353 0.9284** 0.2047 0.4932
ij 0.0108 0.0325 0.0287 0.04253
w; Zero 0.0028 0.0779 —
67.1-34.005 Ma S 3.4921** | 5.9863"** 0,0609 —
ij 0.0016 0.0031 0.0031 —
w; Zero 0.0037 0.0777 0.7691
34-0 Ma S; 5.4659*** | 1.7735"* 0.1563** | 2.2681***
ij 0.0018 0.0065 0.0064 0.1054

Note: Please see Tab. 5.

5 Cyclical Cointegration

To get a better understanding on how these variables are connected at the respective cycles, we test in this

section for cyclical fractional cointegration using the method described in Voges and Sibbertsen (2021).

This approach is again based on the GARMA filter introduced in the previous section. It is general in

- 90 -



361

362

363

364

365

366

367

368

369

370

371

372

373

374

375

376

377

378

379

380

381

382

383

384

385

386

the sense that it allows cointegration at a specific cyclical frequency w without assuming cointegration at
other frequencies. Further, the cointegration vector 3, as well as the memory reduction b,, are frequency-
specific. However, cointegration across frequencies is excluded by this approach. The approach assumes

the bivariate system

1 =5
BZt =V with B = 5 (].6)

0 1
where Z; is the observed bivariate time series system or their filtered components and v; is an unobservable
underlying process. By construction, all cointegrating relations are subject to the same cointegrating

vector (1, —f). The first element of v; is what is known as the cointegration residuals. In terms of the

GARMA filter v; can be written as

k1 2 7(dl —b; )
I | (1 —=cosw;, L+ L 1 1/¢e
Uy = 11_1( L ) 1t . (17)

HZz:l(l — coswy, L + Lz)fdlz €9t
If B # 0 and b;, > 0, the vector Z; is cointegrated. Note that the cointegration strength b, can differ

between frequencies.

Voges and Sibbertsen (2021) derive a IW estimator in this model for the cointegration vector 8 as well as
the memory parameters ((d;, — by, ),d;,) for given frequencies w;, and w;,. The two series are cyclically
fractionally cointegrated if b;, > 0, that is, d;;, < d;,. This implies that the cointegration parameter

satisfies 8 > 0

Following the approach of Robinson (2008) we test for cointegration by performing a t-test on the null
hypothesis f = 0. The memory parameters as well as the cointegrating vector 3 are estimated simulta-
neously by the generalized IW estimator derived in Voges and Sibbertsen (2021). They prove consistency
and asymptotic normality of the generalized IW estimator. It should also be mentioned that the IW
estimator by implicitly estimating the intercept of the short-memory component of the spectral density
accounts for possible serial correlations. This result on asymptotic normality is used to construct a t-test

on 8 = 0 which is as usual given by

T =

9p
and 6 is obtained from Theorem 4.2 in Voges and Sibbertsen (2021).

In this paper, we adopt a broad notion of fractional cointegration, following Hualde and Nielsen (2023).
In particular, we do not require the memory parameters to be equal at a given frequency. Instead, we
refer to cointegration whenever the cointegration relation reduces the strength of persistence (i.e., the

degree of memory).
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While several cyclical frequencies are detected across segments (Tab. 1 and Tab. 2), cointegration is
tested only at frequencies for which at least one bivariate pair shares the same cycle. As our approach
can identify cointegration at only one cyclical frequency at a time, we filter out all other cycles prior to
applying the test. We then evaluate all bivariate pairs that share the respective frequency. The most
common cyclical frequencies in our analysis are @ = 0.078, & = 0.77, and & = 1.33 (with additional cycles
at @ = 0.3159 and & = 0.0037 in selected segments). A complete list of all tested pairs and associated
frequencies is reported in Tab. 7. While Tab. 1 and Tab. 2 identify where common frequencies occur,
Tab. 7 shows which of those sustain a statistically stable joint dependence structure. A table with the full
results including rejected cointegration results can be found in Tab. 13 in the Appendix. We estimate the
fractional cointegration parameter 5 and apply a t-test for the hypothesis 8 = 0 at the 5% significance
level. We reject the null hypothesis of no cointegration if the absolute value of the test statistic T* exceeds
the critical value of ¢ = 1.95996. The bandwidth parameter for the IW estimator is set to m = 706, with

T denoting the sample size, but the results proved robust to alternative choices.

As described in the data section, benthic §'30 is used as a proxy for deep-sea temperature and global
ice volume. Higher §'80 values generally indicate colder deep-water conditions and/or larger global ice
volume, whereas lower values indicate warmer conditions and/or reduced ice volume. We use cyclical
fractional cointegration to test whether §'3C and §'30 maintain a stable, frequency-specific linear linkage
within a given interval after isolating one cycle at a time. This allows us to compare the §'3C-§1%0 linkage

across the Hothouse, Warmhouse, Coolhouse, and Icehouse states discussed by Westerhold et al. (2020).

Over the Full Sample, §1%0 and §'3C are cointegrated at the most recurrent tested cycles (w = 0.0778
and w = 0.77), and several proxy-orbital pairs are also cointegrated. Notably, 6'8O-eccentricity and 62C-
eccentricity at w = 0.078 and additionally §'3C-obliquity at w = 0.77. This supports the interpretation
that astronomically linked structure persists in joint climate-carbon variability if considered over the
entire Cenozoic. This aligns with the strong imprint of eccentricity in Cenozoic isotope records, including
pronounced 405 kyr variability and additional power in the shorter eccentricity cycles (approx. 95 kyr

and 127 kyr) (Kocken et al., 2019).

Splitting the record at the Eocene-Oligocene transition (EOT) (67.1-34 Ma vs. 34-0 Ma) highlights
that the frequency at which 680 and §'3C exhibit cointegration differs before versus after the onset
of major Antarctic glaciation. Prior to the EOT, cointegration appears at a higher-frequency cycle
(w = 0.078), whereas in the post-EOT interval it appears at a much lower-frequency cycle (w = 0.0037). A
conservative interpretation is that the post-EOT climate system exhibits stronger low-frequency structure
and reorganized coupling associated with the growth of large ice sheets and more complex cryosphere-
climate dynamics (Westerhold et al., 2020), while long-period variability is also a documented feature of

temperature/ice-volume proxies on multi-Myr scales composed of multiple frequencies (Boulila, 2019).

The segment-wise analysis further emphasizes this state dependence. In the Paleocene (Segment 1,
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Table 7: Results for cyclical cointegration.

15} T decision d-b

Full Sample

5180 - §13C - 0.0778 (404) 0.3124 | 5.3034 | cointegration | 0.1793
6180 - 013C - 0.77 (41) 0.1204 | 2.0434 | cointegration | 0.1461
6180 - ecc - 0.078 (403) 0.2854 | 4.8443 | cointegration | 0.1651
5180 - pre - 1.33 (24) 0.1205 | 2.0451 | cointegration | 0.1453
§13C - ecc - 0.078 (403) 0.2635 | 4.4734 | cointegration | 0.2042
§13C - ob - 0.77 (41) -0.1968 | -3.3406 | cointegration | 0.1602
Segment 2

6180 - §13C - 0.0777 (404) 0.3371 | 3.1319 | cointegration | 0.1404
5180 - 613C - 0.3159 (99) 0.5369 | 4.9884 | cointegration | -0.0109
5180 - ecc - 0.077 (408) 0.4539 | 4.2172 | cointegration | 0.0863
6180 - ecc - 0.3159 (99) 0.6097 | 5.6654 | cointegration | -0.1241

§13C - ecc - 0.077 (408) 0.5203 | 4.8340 | cointegration | -0.0137
§13C - ecc - 0.3159 (99) 0.7203 | 6.6924 | cointegration | -0.303
Segment 4

613C - ecc - 0.077 (408) 0.5532 | 6.5409 | cointegration | -0.012
Segment 5

6180 - ob - 0.77 (41) -0.3119 | -2.6760 | cointegration | -0.0132
Segment 6

6180 - ob - 0.7727 (41) -0.3545 | -2.5228 | cointegration | 0.2247
67.1-34.005 Ma

6180 - 613C - 0.0779 (403) 0.2963 | 4.0696 | cointegration | 0.1038
34-0 Ma

5180 - §13C - 0.0037 (8.5x10%) | 0.1558 | 2.1571 | cointegration | 0.5946

Note: In parentheses, the identified cycle is shown in kyr.

Warmhouse) we find no indication that §'80 and §'3C are cointegrated at the tested low-frequency
cycle. The early Eocene (Segment 2, Hothouse) exhibits cointegration for multiple pairs (6'80-§13C,
§180-eccentricity, §13C-eccentricity) at w = 0.078 and w = 0.3159, consistent with comparatively co-
herent coupling across variables and eccentricity-related bands during peak greenhouse conditions. The
cointegration at the approx. 100-kyr band is plausible given that §'30 can respond strongly to shorter ec-
centricity cycles (95 and 126 kyr), although its expression can be interval dependent (Kocken et al., 2019).
In Segment 4 (Coolhouse, 34-13.9 Ma), §13C-eccentricity cointegration at w = 0.077 points to reorganized
but persistent eccentricity-linked carbon-cycle structure after the onset of the Antarctic glaciation. We
want to highlight, that this result is in line with the findings and interpretation of Westerhold et al.
(2020) who find that during the Hothouse, Warmhouse and first Coolhouse phase eccentricity related cy-

cles are dominant. Further, with ongoing glaciation after the middle Miocene Climate Transition (here:
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Segment 5 (13.9-7 Ma) and Segment 6 (7-3.3 Ma)), we find indication for cointegration of §18O-obliquity
at w = 0.77. This is consistent with stronger obliquity-linked structure once ice-sheet dynamics become
central and as obliquity seems to play a crucial role in impacting higher latitudes (Westerhold et al.,

2020).

By contrast, in the Segment 7 (3.3-0 Ma, late Pliocene-Quaternary) we do not find any evidence for
cointegration at the tested frequencies. Taken together, the absence of cointegration in Segment 7 is
consistent with an Icehouse regime in which orbital pacing persists, but the climate-ice system responds
nonlinearly through thresholds and hysteresis and can exhibit obliquity cycle skipping. Under such
dynamics, stable linear coherence at a single isolated frequency is not expected to hold persistently
(Huybers, 2007; Paillard, 2001; Westerhold et al., 2020). Consequently, stable bivariate cointegration at

one fixed cycle is not a robust expectation for Segment 7.

6 Discussion and Conclusion

This paper develops a regime-based econometric framework to study cyclical long-memory dynamics
across the last 67.1 million years using the CENOGRID benthic isotope record. Working with the
cleaned and interpolated benthic 680 and §'3C series, this paper addresses three central features of
deep-time climate dynamics that standard time-series approaches struggle to capture simultaneously:
strong persistence, multiple orbital-scale periodicities, and variation in the statistical structure of the

proxy series across major Cenozoic climate states.

To address these issues, the analysis combines cyclical long-memory modelling, frequency identification
through GARMA filtering, frequency-adapted unit-root and stationarity testing at zero and harmonic
frequencies, and cyclical fractional cointegration tests with orbital variables. These steps are applied to
the Full Sample and then repeated separately for each climate-state segment. In addition, we consider two
broader subperiods, separating the Paleocene—Eocene interval (67.1-34 Ma) from the post-Eocene interval
(34-0 Ma). This allows persistence, spectral structure, and frequency-specific proxy-orbital dependence
to be compared both across the seven Cenozoic climate states and across the early-to-late Cenozoic

transition.

A first central conclusion is that the isotope series cannot be satisfactorily described by the conventional
stationary versus unit-root dichotomy. For the Full Sample, the zero-frequency unit-root tests do not
reject a unit root, while the corresponding stationarity tests strongly reject stationarity for both 4230
and 6'3C. At harmonic frequencies, however, the complex unit-root null is generally rejected, and the
stationarity evidence becomes much weaker after filtering. Taken together, these results support the
paper’s interpretation that the long-run behaviour of the proxy series is better characterized by persistent,

long-memory dynamics with cyclical structure than by a simple stationary short-term dependence or
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non-stationary random walk behaviour. This is an important result because it cautions against treating
deep-time paleoclimate records either as standard stationary fluctuations around a deterministic trend or
as pure stochastic trends. Instead, the data appear to preserve long-range dependence whose expression

changes across major climate regimes.

A second major conclusion is that astronomically related structure is visible, but highly selective. The
comparison between the orbital variables and the proxy spectra shows that the most robust common
peak across the Full Sample is the ~405 kyr eccentricity cycle, more broadly part of the eccentricity-
related band, followed by the ~41 kyr obliquity band, with precession-related frequencies appearing
more clearly in §'80 than in §'3C. Yet the frequency overlap is not accompanied by equal persistence.
The fractional differencing parameters at the shared frequencies are generally smaller in the isotope
proxies than in the orbital forcing variables, indicating that the climate system does not reproduce orbital
forcing mechanically, but instead filters and attenuates it. This is one of the paper’s key substantive
contributions: it demonstrates that the astronomical signature is visible in the proxy data, but only after

being transformed by internal Earth-system dynamics.

The cyclical fractional cointegration results sharpen this interpretation further. Tab. 7 and 13 show
that only a subset of shared peaks is also fractionally cointegrated, meaning that spectral coincidence
alone is not sufficient to establish a stable long-memory linkage. Over the Full Sample, the most robust
cointegrated frequency is again the ~405 kyr eccentricity cycle, at which §'*0 and 613C are cointegrated
with each other and both proxies are cointegrated with eccentricity. The ~41 kyr obliquity band also
matters, but more asymmetrically, while 6§80 additionally shows evidence of cointegration with precession
at the ~24 kyr band. These findings are broadly consistent with the peak comparisons, but more
selective. In other words, the Full Sample contains statistically meaningful common cyclical structure,
but only certain shared frequencies sustain a stable dependence relationship. Segment by segment,
this pattern becomes even more regime dependent: Segment 2 provides the clearest confirmation of
common eccentricity-driven structure, while Segments 1, 3, and 7 show that shared or nearby peaks do

not automatically imply fractional cointegration.

A third result, which is particularly important for our interpretation, is obtained from the additional split
at the Eocene-Oligocene transition. Before the EOT, 680 and 6'3C are cointegrated at the ~405 kyr
eccentricity band, whereas after the EOT their cointegration shifts to a much lower-frequency cycle
around 8.5 Myr. This result is striking because it indicates that the onset of large-scale Antarctic
glaciation coincides with a reorganization of the frequency-specific long-memory coupling between the
oxygen- and carbon-isotope records. Importantly, this post-EOT shift is unlikely to be a simple artefact
of eccentricity tuning, because the cointegrating frequency no longer lies at the 405 kyr band but instead
moves into the multi-Myr range. The pre- and post-EOT comparison therefore adds more than another
segment-wise robustness check: it shows that the stable proxy linkage itself changes its characteristic

frequency after the transition. The post-EOT shift toward an ~8.5 Myr cointegrating frequency is also
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consistent with previous evidence for multi-Myr climate—carbon-cycle coupling. In particular, Boulila
(2019) reports a ~9 Myt coupling between benthic 6180 and §'3C especially for the past 34 Ma, while

also noting stronger decoupling during the Paleocene—Eocene greenhouse interval.

Overall, the paper contributes to quantitative paleoclimate analysis by applying long-memory methods,
cyclical modelling, and fractional cointegration to the CENOGRID record and its climate-state segments.
Its main conclusion is that the Cenozoic isotope record contains recurrent cyclical structure, but that this
structure does not translate into uniform proxy-orbital dependence. Shared spectral peaks are present
across several climate-state segments, yet only selected frequencies and selected regimes support stable
fractional cointegration. The paper therefore moves beyond a simple comparison of spectral peaks and
shows that persistence, cyclical structure, and proxy coupling are organized differently across Cenozoic
climate states. This is particularly visible at the Eocene—Oligocene transition, where the stable §'#0-§'3C

linkage shifts from an orbital-scale band toward multi-Myr variability.
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Figure 2B: Orbital variables for the last 67.1 kyr. From top to bottom panel:
eccentricity (Laskar2010b), obliquity, and climatic precession (Laskar2004). Zoom-in on
the last 410 kyr (grey shaded area) of the orbital time series shown in Fig. 2A.
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astronomical solutions (Laskar2004 vs. Laskar2010b).
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Figure 5: ACF plots for eccentricity, obliquity, and climatic precession, Full Sample and
Segments 1-3.
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Figure 6: ACF plots for eccentricity, obliquity, and climatic precession, Segments 4-7.
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Table 8: Memory parameters for equidistant (cleaned) CENOGRID.

6180
Segment
Full Sample 1 2 3 4 5 6 7
IW 0.8459 0.7188 | 0.4773 | 0.7133 | 0.3717 | 0.4658 | 0.183 | 0.4139
HP 0.5129 0.7261 | 0.3556 | 0.2512 | 0.313 | 0.2427 | 0.2128 | 0.1867
o3¢
Segment
Full Sample 1 2 3 4 5 6 7
IW 0.8152 0.7017 | 0.5554 | 0.5884 | 0.6187 | 0.843 | 0.2491 | 0.1738
HP 0.8192 0.5508 | 0.3067 | 0.2315 | 0.4669 | 0.8636 | -0.088 | 0.1987

Table 9: Memory parameters for the equidistant (cleaned) CENOGRID after
segmentwise linear detrending.

5180
Segment
Full Sample 1 2 3 4 5 6 7
IW 0.56 0.7287 | 0.4767 | 0.5892 | 0.3621 | 0.348 | 0.1609 | -0.0479
HP 0.5664 0.7386 | 0.352 | 0.1186 | 0.3496 | 0.194 | 0.1893 | -0.0197
§13C
Segment
Full Sample 1 2 3 4 5 6 7
IW 0.7429 0.7087 | 0.565 | 0.5789 | 0.6146 | 0.7817 | 0.2457 | 0.135
HP 0.75 0.7068 | 0.2737 | 0.3901 | 0.4666 | 0.8011 | -0.1175 | 0.1612

Note: Tab. 8 shows the memory parameters for the equidistant (cleaned) CENOGRID, while Tab. 9
reports the corresponding estimates after segmentwise linear detrending. Overall, and for both

the local Whittle and the Hou—Perron estimators, the memory parameters tend to decrease after
detrending for some segments, indicating a reduction in apparent long-range dependence.

differences between the two estimators are most pronounced for 6§80 in Segment 3, both before and
after detrending. For §'2C, the largest differences can be found in Segment 3 prior to detrending,
while after detrending it shifts to Segment 6, where the Hou—Perron estimator yields lower values,
including a change in sign.
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Table 10: Results of the stationarity tests for eccentricity.

w; zero | 0.0777 | 03208 | 0.2532 | 0.5814
Full Sample | S; | 0.0246 | 4.2543"* | 5.7198*** | 3.1284*** | 3.0986"**
S710.0009 | 0.0021 | 0.0027 | 0.0021 | 0.0189
w; zero | 0.0764 | 03208 | 02513 | ——
Segment 1 | S; | 0.0818 | 6.9205* | 2.5313*** | 1.6558"** | ~——
S/ 100032 | 00114 | 0.0241| 00092 | ——
w; zero | 0.0768 | 03159 | 05718 | ——
Segment 2 | S; | 0.0347 | 4.1333"* | 4.1462** |  0.3086 | ——
S710.0036 | 01070 | 03596 | 0.2082 | ——
w; zero | 0.0773 | 03299 | 02533 | ——
Segment 3 | S; | 0.0881 | 2.2852*** |  0.2799 | 4.4451"** —
S710.0030 | 0.0069 | 0.0067 | 0.0097 |
w; Zero 0.3306 0.2529 0.0772 0.5715
Segment 4 | S; | 0.0357 | 5.8894"* | 4.7393*** | 5.7732"** |  0.3033
S710.0021 | 0.0048 | 0.0044 | 0.0043 |  0.0055
wj Zero 0.0774 0.3302
Segment 5 | S; | 0.0785 0.2213 | 1.2571**
S/ 10.0050 | 0.0763 | 0.9568"*
w; zero | 0.0764 | 03185 | 05847 | ——
Segment 6 | S; | 0.0717 |  0.5543 | 1.0484 | 0.1065 | ——
S/ 100068 | 0.0178 | 0.0881| 0.0796| ——
w; zero | 0.0760 | 0.3282 | 05783 | ——
Segment 7 | S; | 0.1189 | 0.8373" | 1.5306** |  0.2069 | ~——
S710.0078 | 0.0215| 0.0936| 01129

Note: Please see Tab. 5.
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Table 11: Results of the stationarity tests for obliquity.

w; Z€ro 0.8080 0.0005 1.0976 0.7700
Full Sample | S} 0.0983 | 1.9677*** 0.6013 0.6971* | 3.1893***
ij 0.0014 | 2.6533*** 0.0039 | 1.4720"* | 4.1866™**

wj Zero 0.8095 1.1287 0.6255 —
Segment 1 | S, 0.0105 | 8.5677** | 0.9036" | 1.3618"* —
S]f 0.0644 | 8.2678"* | 6.3231*** | 10.0023*** —

wj Zero 0.7994 1.0881 0.6177 —
Segment 2 | S; 0.0051 | 6.3974** 0.7962 | 1.9359*** —
S]f 0.0296 | 6.2667* | 3.9732*** | 13.0354™* —

wj Zero 0.7926 0.6113 1.0764 —
Segment 3 | S; 0.0302 | 9.3417* | 0.6922** 1.0591* —
ij 0.1967 | 9.1698** | 7.0200*** | 5.7560*** —

w; Zero 0.7784 1.0702 0.5969 0.0016
Segment 4 | S; 0.0112 | 6.4840** 0.3240 | 1.3747 0.0279
ij 0.0062 | 5.7143** | 0.8755** | 3.5196™** 0.0138

wj Zero 0.7740 1.0961 0.5914 —
Segment 5 | S; 0.0662 | 4.5822*** 0.6188" 0.0827 —
S]f 0.5420** | 4.2980™* | 5.5882*** | 2.3568"** —

wj Zero 0.7727 1.0587 — —
Segment 6 | S; 0.0861 | 4.9171* 0.8666 — —
ij 1.0889 | 4.9575™* | 6.0863*** — —

wj Zero 0.7700 1.0906 0.5881 —
Segment 7 | S; 0.0492 | 4.8107** 0.1211 0.4230 —
ij 1.0372%* | 4.7111** | 1.9583"* | 6.0869*** —

Note: Please see Tab. 5.
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Table 12: Results of the stationarity tests for climatic precession.
w; Z€ero 1.6718 1.3676 — —
Full Sample | S; | 0.0007 | 1.0061*** | 1.6437*** — —
S]f 0.0013 | 1.0285™* | 1.7774** —_— —_—
w; Zero 1.4463 1.7002 1.3680 —
Segment 1 | S; | 0.0079 | 4.0452™* | 3.4380™* | 2.7743™* —
ij 0.0076 | 8.4640™* | 4.9474** | 5.8377*** —
wj Zero 1.3614 1.6919 1.4402 —_—
Segment 2 | S; | 0.0048 | 1.9046" | 1.9893* | 6.3990*** —
S]f 0.0098 | 3.8180** | 2.8002*** | 11.6212*** —
w; Zero 1.3533 1.6836 1.4320 0.5596
Segment 3 | S; | 0.0033 | 3.6461™* | 3.6065* | 4.4850™** 0.0351
ij 0.0048 | 5.8345"* | 4.6369** | 8.0519** | 1.1226™**
w; Z€ero 1.3395 1.6719 1.4169 —
Segment 4 | S; | 0.0033 | 5.5579™* | 2.7087* | 3.7526™* —
ij 0.0034 | 10.3700** | 3.1862*** | 7.7031*** —
w; Zero 1.3340 1.6648 1.4091 1.9129
Segment 5 | S; | 0.0063 | 2.8228** | 1.9107*" | 6.8931*** 0.5428
ij 0.0070 | 6.2699** | 2.8740** | 10.9304** | 6.3303***
wj Zero 1.3331 1.6612 1.4050 —_—
Segment 6 | S; | 0.0173 | 5.0920" | 1.3474* | 2.7808*** —
S]f 0.0170 | 7.8677* | 2.3784** | 6.1050™** —
w; Zero 1.3308 1.6601 1.4017 —
Segment 7 | S; | 0.0125 | 4.6557"* | 2.4623™* | 2.1485™* —
ij 0.0176 | 7.2328* | 3.4710"* | 5.3600*** —

Note: Please see Tab.

D.
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Table 13: Results for cyclical cointegration - full results.

6] T decision d-b
Full Sample
5180 - 613C - 0.0778 (404) 0.3124 | 5.3034 | cointegration | 0.1793
5180 - 613C - 0.77 (41) 0.1204 | 2.0434 | cointegration | 0.1461
6180 - ecc - 0.078 (403) 0.2854 | 4.8443 | cointegration | 0.1651
6180 - ob - 0.77 (41) -0.0826 | -1.4015 | no cointegration
6180 - pre - 1.33 (24) 0.1205 | 2.0451 cointegration | 0.1453
§13C - ecc - 0.078 (403) 0.2635 | 4.4734 | cointegration | 0.2042
§13C - ob - 0.77 (41) -0.1968 | -3.3406 | cointegration | 0.1602
Segment 1
6180 - 613C - 0.0028 (11.1x10%) | 0.0335 | 0.3316 | no cointegration
Segment 2
6180 - §13C - 0.0035 (9x103) 0.0961 | 0.8933 | no cointegration
6180 - §13C - 0.0777 (404) 0.3371 | 3.1319 cointegration 0.1404
6180 - §13C - 0.3159 (99) 0.5369 | 4.9884 cointegration | -0.0109
6180 - ecc - 0.077 (408) 0.4539 | 4.2172 | cointegration | 0.0863
6180 - ecc - 0.3159 (99) 0.6097 | 5.6654 | cointegration | -0.1241
§13C - ecc - 0.077 (408) 0.5203 | 4.8340 | cointegration | -0.0137
§13C - ecc - 0.3159 (99) 0.7203 | 6.6924 | cointegration | -0.303
Segment 3
d13C - ecc - 0.25 (126) 0.1240 | 1.2863 | no cointegration
Segment 4
6180 - ob - 0.0016 (20.1x10%) | -0.0997 | -1.1787 | no cointegration
§13C - ecc - 0.077 (408) 0.5532 | 6.5409 | cointegration | -0.012
Segment 5
6180 - ob - 0.77 (41) -0.3119 | -2.6760 | cointegration | -0.0132
6180 - pre - 1.33 (24) -0.0219 | -0.1882 | no cointegration
Segment 6
§180 - ob - 0.7727 (41) -0.3545 | -2.5228 | cointegration 0.2247
Segment 7
6180 - 013C - 0.77 (41) 0.2054 | 1.4128 | no cointegration
5180 - ob - 0.77 (41) -0.2028 | -1.3952 | no cointegration
§13C - ob - 0.77 (41) -0.1620 | -1.1144 | no cointegration
67.1-34.005 Ma
6180 - §13C - 0.0779 (403) 0.2963 | 4.0696 cointegration 0.1038
34-0 Ma
6180 - 613C - 0.0037 (8.5x103%) | 0.1558 | 2.1571 cointegration | 0.5946

Note: In parentheses, the identified cycle is shown in kyr.
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