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Abstract
This thesis concerns the response of global climate to variations in Earth’s orbital
configuration and atmospheric CO2 levels since major Northern Hemisphere ice
sheets appeared three million years ago. A first chapter focuses on determinants of
climate variability in the late Pliocene and early Pleistocene, 3-1 Ma. Climate in this
period has been described as varying with a steady rhythm of 41,000-year (41 ky)
cycles that follow variations in obliquity, the angle of earth’s axial tilt. A technique
for detecting orbital variability in climate proxies is introduced that circumvents
shortcomings in commonly-used methods such as spectral analysis and bandpass
filtering. Use of this technique to analyze early-Pleistocene proxies of global icevolume and deep-ocean temperature reveals significant variability following climatic precession, the combined rotation of earth’s spin axis and of the orbit itself
that causes 18-24 ky variations in the intensity and duration of seasons. Whereas
exclusive obliquity-pacing would suggest complicated mechanisms controlling icesheet variability that cancel the precession component, combined obliquity and
precession pacing implies that early Pleistocene climate more straightforwardly followed variations in Northern Hemisphere summer insolation intensity in accord
with Milanković (1941).
The dominant feature of climate in the late Pleistocene, ∼1-0 Ma, is the presence
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of ∼100 ky glaciation cycles that cause sea-level changes at times exceeding 100 meters. An unresolved question is whether those cycles are caused by orbital variations
or represent an internal mode of climate variability that merely becomes synchronized to the orbit. In Chapter 2, I extend analysis of ∼100 ky cycles to the entire
epoch of recent Northern Hemisphere glaciation, 2.8-0 Ma, and identify four distinct intervals in which they occur. Intervals of ∼100 ky cycles are shown to consistently arise under conditions of large-amplitude orbital forcing, strongly suggesting
an external origin for the glacial cycles.
A lack of continuous atmospheric CO2 records prior to 0.8 Ma hinders inferences as to the greenhouse-gas forcing of early Pleistocene climate. Reconstructions of past CO2 levels from foraminiferal Boron isotope ratios indicate that latePleistocene sea level responded more sensitively to CO2 radiative forcing than did
early-Pleistocene sea level, engendering proposals that the controls on ice-sheet response to radiative forcing fundamentally changed in the middle Pleistocene (Chalk
et al., 2017). In Chapter 3, a hierarchical Bayesian methodology is introduced for
inferring the statistical relationship between orbital variations, sea level, and atmospheric CO2 by way of an energy balance model that is paired with a simple ice
sheet. The model reproduces the observed temporal shift in sea-level sensitivity on
the basis of ice-albedo feedbacks and the nonlinear relationship between ice-sheet
volume and length, without a change time in parameters over time. This result suggests a stable, albeit nonlinear, relationship between sea level and atmospheric CO2
over at least the past 2 Ma.
Large uncertainties in individual sea-level reconstructions propagate into model
predictions of early-Pleistocene CO2 . In Chapter 4 the Bayesian model from Chapter 3 is used to make an ensemble prediction of early-Pleistocene CO2 using five
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different sea-level reconstructions. The ensemble estimate proposes that CO2 levels
between 2 and 0.8 Ma averaged 241 ppm, and remained between 206 ppm and 275
ppm throughout 95% of that interval, compared with values of 225 ppm, 192 ppm,
and 274 ppm after 0.8 Ma. When accounting for sparse sampling and the temperature dependence of ice accumulation rates, the range of model early-Pleistocene
CO2 is within 2 ppm of that of measurements in discontinuous ice segments from
the Allan Hills Blue Ice Area in East Antarctica, strongly supporting the ensemble
prediction.
One hypothesis for the cause of the lower late-Pleistocene CO2 during glacial
periods involves sea-level modulation of CO2 emissions from volcanoes on land
and at mid-ocean ridges. Spectral peaks at periods of orbital variations have been
identified in bathymetry profiles of late-Pleistocene crust near mid-ocean ridges,
supporting the hypothesis that sea-level variations can influence the production
rate of carbon-bearing magma. In Chapter 5, a series of numerical experiments are
undertaken to explore the conditions under which Pleistocene sea-level variations
could influence bathymetry by inducing faults at mid-ocean-ridges. ∼100 ky sealevel variations are predicted to control fault spacing at ridges with intermediate
spreading half-rates (2.5-4 cm/year), and 41 ky sea-level variations are expected to
control spacing at faster-spreading ridges. These predictions readily accord with
observed periodicities in a global collection of mid-ocean-ridge bathymetry profiles.
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Power spectra of dδ18 O/dt . Columns are organized by the longitude
associated with each record from west to east, and rows according to
spectra using orbitally-tuned timescales for 3-2 Ma (top), orbitally-tuned
timescales for 2-1 Ma (middle), and depth-derived timescales for 2-1 Ma
(bottom). The 95% confidence interval is indicated as estimated for individual spectral estimates (red) and for summing energy across the orbital band (blue; see 1.8.2). Bands over which obliquity and precession
power are summed (gray shading) are at 1/41±1/125 ky−1 and 1/21±
1/125 ky−1 . All twenty-one obliquity-band spectral power estimates are
significant at the 95% confidence level (indicated by black stars), but only
seven indicate correspondingly significant climatic precession. In the
last column, the upper two panels refer to the LR04 stack, and the bottom panel refers to the H07 stack. . . . . . . . . . . . . . . . . . . . . 17
Precession amplitude relative to obliquity in early Pleistocene benthic
dδ18 O/dt, as estimated by ENOF (red) and spectral analysis (blue), in
(a) orbitally-tuned records for 3-2 Ma, (b) orbitally-tuned records for
2-1 Ma, and (c) depth-derived records for 2-1 Ma. Circles represent best
estimates, and bars represent the 95% confidence range. Estimates from
ice sheet model results described in section 1.6 are also included. The
label for the composite records, “LR04 (a,b) / H07 (c)”, refers to the
LR04 stack in panels (a) and (b), and the H07 stack in panel (c). . . . 25
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Trends in orbital forcing in dδ18 O/dt owing to precession and obliquity over the Pleistocene and late Pliocene, using data from L2H19, a
high-resolution benthic δ18 O record. (a) L2H19, with select Marine Isotope Stages labeled, and its geomagnetic polarity reversal stratigraphy
(Channell et al., 2008, 2016). (b) The rate-of-change of δ18 O, smoothed
with a 6ky 2nd-order Butterworth filter (gray), and ENOF fit to the timeseries (blue) (c) Envelope of the precession contribution from 3 to 0 Ma
(red line) and orbital eccentricity (black line). (d) same as (c), but for
obliquity, and where the black line represents the envelope of obliquity. Envelopes are calculated as the magnitude of the Hilbert transform of the ENOF-estimated precession and obliquity contributions,
and for the calculated values of obliquity. Shaded areas represent the
95% confidence intervals, and black trend-lines indicate a linear leastsquares fit. The ENOF fit uses a 100 ky window, but results are similar when using a 50 ky window (see Appendix C). The y-axis is reversed
in panels (a) and (b). . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29
Simulated variations in ice volume between 3 and 1 Ma. (a) Model ice
volume (black) and L2H19 on an orbitally-tuned age scale (red) for 32 Ma. Variations in obliquity (black) and the climatic precession parameter (e sin(ϖ), light gray) are below. (b) Similar to (a) but for 2-1 Ma and
with L2H19 also shown on a depth-derived age scale (blue). δ18 O values are de-trended over each 1 Ma segment. Select Marine Isotope Stages
are labeled for reference. . . . . . . . . . . . . . . . . . . . . . . . . . . 32
Pleistocene δ18 O records and age models for L2H19. (a) The orbitallytuned L2H19 benthic δ18 O record comprising data from IODP Sites
U1313 (red) and U1308 (black). (b) L2H19 (black) after alignment to a
depth-derived timescale for DSDP 607 (red), where black markers are
age control point used for calibration. The orbitally-tuned L2H19 is
also shown (gray) for comparison. Records in panel (b) are de-trended
to enable direct comparison, and select Marine Isotope Stages are labeled in both panels. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40
Comparison of nonlinear least-squares estimates to an exhaustive parameter search. (a) Estimates for Ap and Ao , where Δtp and Δto are at the
values estimated by nonlinear least-squares. The white star represents
the nonlinear least-squares estimate of the best-fitting combination of
parameters, and the contours represent the the sum of squared residuals computed by the brute force search. The fit is estimated over a 50ky
period starting at 1.8 Ma in L2H19’s smoothed rate-of-change. (b) Same
as (a), but for estimates of Δto and Δtp , where Ap and Ao are at the values estimated by nonlinear least-squares. . . . . . . . . . . . . . . . . 45
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Trends in orbital forcing in dδ18 O/dt owing to precession and obliquity over the Pleistocene and late Pliocene, using data from L2H19. (a)
Envelope of the precession contribution from 3 to 0 Ma (red line) and
orbital eccentricity (black line).(b) same as (a), but for obliquity, and
where the black line represents the envelope of obliquity. Envelopes
are calculated as the magnitude of the Hilbert transform of the ENOFestimated precession and obliquity contributions, and for the calculated
values of obliquity. Shaded areas represent the 95% confidence intervals, and black trend-lines indicate a linear least-squares fit. . . . . . . 47
1.8 ENOF estimates for obliquity and precession amplitudes in tests on synthetic time-series with different signal-to-noise ratios. (a) Estimates for
precession, taken as the square root of the variance of the first term in
equation 1.1, before correcting for noise-induced bias, where each distribution represents 2.5×104 realizations. (b) Same as (a), but for the
obliquity estimates, taken as the square root of the variance of the second term in equation 1.1. (c) Same as (a), but after applying the bias correction. (d) Same as (b), but after applying the bias correction. . . . . 49
1.9 Spectral estimates of obliquity and precession amplitudes in synthetic
tests on time-series with different signal-to-noise ratios. (a) Estimates
for precession, as described in section 1.3.1, before correcting for noiseinduced bias, where each distribution represents 2.5×104 realizations.
(b) Same as (a), but for the obliquity estimates. (c) Same as (a), but after applying the bias correction. (d) Same as (b), but after applying the
bias correction. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50
1.10 ENOF and spectral estimates of orbital amplitudes in synthetic timeseries disrupted with age error. a ENOF precession amplitude estimate
with age-error standard deviation ranging from 0 ky (dashed black line),
to 10 ky (dotted blue line). Each distribution represents 104 realizations,
and the vertical black line represents the true amplitude. b Same as (a),
but for obliquity. c Same as (a), but where amplitudes are estimated using spectral analysis. d Same as (c), but for obliquity. . . . . . . . . . . 53
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Expected and observed relationship between ENOF and spectral estimates of orbital amplitudes in the presence of age model error. (a) Regression of spectral estimates of precession amplitude against ENOF
estimates in 104 tests on synthetic time-series with SNR=0.5 and with
age error having a standard deviation of 5 ky (thick gray line). For comparison, also shown are the ENOF and spectral estimates of precession
amplitude in δ18 O records listed in Table 1.1 on the depth-derived timescale
between 2 and 1 Ma (markers) and their 95% confidence intervals (thin
gray bars), as well as the 95% confidence interval for a linear least-squares
fit through the markers (dashed lines). Regressions shown here are forced
to have zero intercepts. (b) same as (a), but for obliquity. . . . . . . . 54
1.12 Effect of coarse sampling on the estimation of orbital amplitudes in benthic δ18 O records. (a) Spectral estimates of precession (red) and obliquity (blue) amplitudes and their 95% confidence intervals (red and blue
shading) in dδ18 O/dt between 2 and 1 Ma, using L2H19 on the orbitallytuned timescale, when L2H19 is resampled in the depth domain at different resolutions. Also indicated are the mean sampling resolution of
the records listed in Table 1.1 over 2-1 Ma (vertical dashed lines). (b) The
precession-to-obliquity amplitude ratio (black) and its 95% confidence
interval (gray shading). (c) Same as (a), but using ENOF amplitude estimates. (d) Same as (b), but using ENOF amplitude estimates. . . . 55
1.13 Model ice volume between 3 and 1 Ma under varying background conditions. (a) Simulated ice volume when a constant emission level of 7.20
km is used, with other parameters as listed in Table 1.4. Bold numbers
represent the latitude of the southernmost extent of the ice sheet terminus. (b-c) Same as (a), but for emission levels of 6.81 km and 6.50 km.
(d-f) Power spectral density for the simulated ice volume curves in panels (a)-(c), normalized by the power at 1/41 ky−1 , with dashed lines indicating the 1/41, 1/23, and 1/19 ky−1 frequencies. . . . . . . . . . . . . 58

xi

2.1

2.2

Obliquity, climatic-precession, and ∼100 ky variability in benthic δ18 O
in the past 2.8 Ma. (a) A high-resolution North Atlantic δ18 O record,
shown with its geomagnetic polarity reversal stratigraphy and with select Marine Isotope Stages labeled (Channell et al., 2016; Hodell and
Channell, 2016; Hodell et al., 2008). (b) Orbital fit (red) of precession,
obliquity, and ∼100-ky variations to the rate-of-change of δ18 O (gray).
dδ18 O/dt is displayed here after smoothing with a 10 ky moving mean
and has units of meg−1 ky−1 . (c) Estimated amplitude (red) of climatic
precession (gray) in dδ18 O/dt. (d) Same as panel (c), but for obliquity.
(e) Same as panel (c), but for the ∼100 ky contribution. Four episodes
of ∼100 ky glacial variability with amplitude exceeding a significance
threshold (black dashed line) are identified, spanning 2.8 to 2.5 Ma, 2.3
to 2.0 Ma, 1.4 to 0.9 Ma, and 0.8 to 0 Ma. . . . . . . . . . . . . . . . . 64
Detection of ∼100 ky variability in δ18 O at times of large-amplitude orbital forcing. (a) The insolation forcing curve (green) whose smooth
amplitude (dashed black) most directly corresponds to the presence of
∼100 ky variability has strikingly similar relative contributions of precession and obliquity as arises in the linear orbital response estimated
in dδ18 O/dt (gray). The linear component here is the sum of time-series
in Figures 2.1c and d, but for visual convenience we have removed its
trend in amplitude by dividing by the linear increase in standard deviation between 2.8 and 0 Ma. Times when the amplitude of F exceeds
a threshold (green shading and green bars above the panel) have a statisticallysignificant correspondence to times when ∼100 ky cycles are present in
δ18 O (gray bars above the panel). (b) Optimal value of rF , 0.64 (black
line), in relation to values in the null distribution (shaded orange). rF
is significant at the 5% level. (c) Values of rF when specifying different
values of τ and η in the insolation-switching model, and setting φ to 7◦ , its optimal value from panels a and b. Each grid-point is equivalent
to the black line in panel b except in differing values of τ and η. Significant predictions of ∼100 ky cycles are achieved only when the forcing
predominantly comprises obliquity. The white marker indicates parameter combination from panels a and b. . . . . . . . . . . . . . . . 68
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Simple model of amplitude modulations and growth in ∼100 ky variability through the Pleistocene. (a) Insolation forcing with η = 0.60,
filled above the threshold for appearance of ∼100 ky cycles identified
in δ18 O, τ = 0.85. (b) Ice-volume variations when no long-term trend
is used in the model of Equation 2.4. (c) Same as panel (b) except where
the model is forced with a long-term growth in ice volume (red), and
with δ18 O also shown (gray). Select Marine Isotope Stages are labeled.
(d) Estimated ∼100 ky component of dδ18 O/dt (black) as well as in dV/dt
from the model simulation in panel c (red). . . . . . . . . . . . . . . . 72
2.4 Anti-correlations between obliquity amplitude and eccentricity complicate inferences as to the causes of ∼100 ky cycles. (a) Solutions for
eccentricity (red) and the amplitude of obliquity (blue) over the past
20 My, showing how the largest-amplitude variations in obliquity tend
to appear when eccentricity is weakest. (b) The filtered orbital parameters. The antiphasing of the g3 –g4 frequency (1/2.4 My−1 ) in eccentricity (red) and the amplitude of obliquity (dark blue) is shown using
a first-order Butterworth filter with a passband spanning 1/3 My−1 to
1/2 My−1 . Also shown is the 1.2-My cycle in obliquity amplitude (light
blue), obtained using a first-order Butterworth filter with a passband
spanning 1/1.5 My−1 to 1 My−1 . Note that we use the astronomical solution of Berger and Loutre (1991) in our statistical tests, but for purposes of displaying a longer record the solution of Laskar et al. (2004)
is shown here. There is negligible difference between the two solutions
during the time frame of our study (to the right of the dashed black line). 75
2.5 Comparison of ∼100 ky amplitude modulations in benthic dδ18 O/dt
over the past 2.8 Ma when evaluated with orbital fitting, band-pass filtering, and wavelets. Displayed is the amplitude of the ∼100 ky component when using orbital fitting (black), a second-order Butterworth
filter with passband spanning 1/87.5 to 1/116.7 ky−1 (red), the filter with
passband spanning 1/90.9 to 1/128.2 ky−1 (yellow), a continuous wavelet
transform summed across 1/87.5 to 1/116.7 ky−1 (light blue), and wavelets
summed across 1/90.9 to 1/128.2 ky−1 (darl blue). Bars corresponding
to curves of the same color indicate periods during which the estimated
∼100 ky variability is statistically significant. . . . . . . . . . . . . . . . 84
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3.1

3.2

3.3

Schematic of a coupled energy-balance and ice-sheet model. Incoming
shortwave radiation (blue) varies with the orbital configuration and latitude, and is absorbed according to the surface albedo of either ice-free
or ice-covered surfaces. Outgoing longwave radiation (red) is a function of CO2 concentration and surface temperature, and heat is fluxed
across latitudes (green) according to the local deviation from the global
mean surface temperature. An ice sheet is represented between a fixed
northern terminus, xn , and a southern terminus, xs , that responds to
the temperature determined by the energy-balance model. Rates of change
in xs are also influenced by ice-sheet thickness that is controlled by a basal
shear stress, τ, and the length of the ice-sheet. . . . . . . . . . . . . . . 96
Variations in sea level and CO2 values over the past 2 Ma. (a) Maximum
likelihood model CO2 levels (black) agree closely with ice-core CO2 data
(orange). 95% of CO2 predictions fall within the dark gray interval, or
when summing values with model-data error, the lighter gray interval.
Model CO2 variations also broadly reproduce patterns in δ11 B-derived
CO2 estimates: blue, Chalk et al. (2017); green, Dyez et al. (2018); purple, Hönisch et al. (2009). (b) Variations in sea level and ice-line implied
by the model. Sea level, gray, is from Siddall et al. (2010) and is converted
to a zonally-averaged ice-sheet length (blue) that is controlled by the
basal shear stress, τ, and the fraction of earth circumference covered by
the ice sheet, fl . Adjustments to CO2 and sea-level ages are achieved by
way of eight age-control parameters whose prior means are displayed
in empty gray circles and posterior 95% c.i. displayed as orange and blue
horizontal bars. Uncertainty in the ages for sea level and, therefore, iceline are reflected in their shaded 95% c.i. . . . . . . . . . . . . . . . . . 101
Prior (gray) and posterior values for each of the adjustable model parameters when ages are allowing age adjustments (blue) or disallowing
them (orange). Panels with age-control parameters represent sea-level
ACPs (darker blue) and corresponding ACPs in the CO2 record (lighter
blue). Vertical lines at k4 ,q4 indicate the prior age for termination 5 in
the sea-level record we use here (Siddall et al., 2010, thick gray line), and
in the records of Rohling et al. (2009) (yellow), Rohling et al. (2014)
(purple), Bintanja and van de Wal (2008) (red), De Boer et al. (2010) (cyan),
Shakun et al. (2015) (dark green), Spratt and Lisiecki (2016) (black), and
Elderfield et al. (2012) (orange). Axis labels correspond to the parameters listed in Table 4.1 and, for visual clarity, the x-axis is concentrated
to posterior values even if the prior is wider. . . . . . . . . . . . . . . . 103
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A nonlinear relationship is present between sea level and CO2 radiative
forcing, Rf that, on average, indicates greater sensitivity in the late Pleistocene (1-0 Ma; blue trace and markers) than in the early Pleistocene
(2-1 Ma; orange trace and markers). Owing to the time taken to melt
or grow an ice sheet, the time-dependent model exhibits width about
a maximum-likelihood equilibrium relationship (dark gray curve, with
95% of equilibrium curves in lighter gray). . . . . . . . . . . . . . . . . 107
Changes in equilibrium sea-level sensitivity to radiative forcing through
the Pleistocene. (a) Sensitivity increases with ice-sheet length (gray curve,
maximum likelihood estimate) and therefore varies across glacial-interglacial
cycles. Long-term patterns, obtained by smoothing sensitivity with a
300ky Gaussian filter, are also displayed with 95% of curves shaded. Denial of mechanism experiments show that sensitivity increases over time
are muted when suppressing ice-albedo feedbacks (blue), the nonlinear relationship between ice-sheet volume and length (yellow), or both
(orange). (b) Same as panel (a) but where only smoothed sensitivities
are shown and they are taken relative to their values at 2 Ma. . . . . . 108
Consequences of suppressing model nonlinearities. (a) Relationship
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Introduction
Although the study of past climates provides important context for present-day
climate variability and clues as to its possible future trajectory, the characterization
of climate as dynamically evolving can be traced to at least the early 18th century
(Berger, 2012). The study of erratic boulders in the Swiss Alps and glacial moraines
distributed across Europe led to hypotheses that the earth had previously been
glaciated (e.g. de Charpentier, 1836, 1841), proposals that were largely qualitative
for lack of direct records of past climatic change.
The quantitative theory of climate evolution lept forward with the work of Cesare Emiliani, who used the climate-sensitive oxygen isotopic composition of the
calcareous shells of marine microorganisms to reconstruct past temperatures (Emiliani, 1955) and identify quasi-periodic climate variations through the Pleistocene
epoch (Emiliani, 1966). Emiliani’s work made it possible to test the theories of Adhémar (1842), Croll (1864), Murphy (1869) and their contemporaries, who sought
to formalize earlier ideas that quasi-periodic variations in the earth’s orbital configuration can induce glaciation by effecting changes in the intensity and distribution
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of solar radiation over the earth. The basic theory that orbital variations can drive
climate change was ultimately confirmed when Hays et al. (1976) demonstrated that
oxygen isotope records from the last ∼450 ky vary at the periods of several orbital
parameters that affect insolation: climatic precession, the variation in the position
within the orbit at which summer and winter take place (18-24 ky); obliquity, the
tilt of the spin axis (41 ky); and orbital eccentricity (∼100 ky).
Many studies have since sought to refine and test the mechanistic (e.g. Imbrie
et al., 1992, 1993) or statistical (e.g. Carson et al., 2017; Huybers, 2011; Huybers and
Wunsch, 2005; Roe and Allen, 1999) relationship between orbital variations and
climate. Special attention has been devoted to – and progress made in – addressing important questions such as how sensitively ice sheets respond to each of the
three orbital parameters (Huybers, 2006; Huybers and Wunsch, 2005; Imbrie and
Imbrie, 1980; Imbrie et al., 1992; Raymo et al., 2006), whether climate in the two
hemispheres vary together or are anti-phased (Adhémar, 1842; Croll, 1864; Milanković, 1941; Murphy, 1869; Raymo et al., 2006), the importance of variations
in atmospheric greenhouse gas levels (Bereiter et al., 2015; Petit et al., 1999; Siegenthaler et al., 2005) and their causes (Galbraith and Skinner, 2020; Sigman and Boyle,
2000), as well as the role of climate nonlinearities such as the ice-albedo feedback
for amplifying orbitally-forced perturbations to the radiation balance (Källén et al.,
1979; Milanković, 1941).
Perhaps the most elusive question in the study of glacial cycles revolves around
the changes in their duration and amplitude through the Pleistocene. Between approximately 3 and 1 million years ago, proxies of global ice volume and deep-ocean
temperature display a steady rhythm of 41 ky cycles that appear to closely follow
variations in obliquity (Ruddiman et al., 1986). Ice sheets periodically grew large
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enough to reduce global sea level by up to 50-75 meters before reducing to small,
high-latitude ice caps when summers warmed at high latitudes (Bintanja and van de
Wal, 2008; Siddall et al., 2010). During the middle Pleistocene (∼1 Ma), the dominant period of glacial-interglacial cycles increased from 41 ky to an average of 100
ky; ice sheets grew larger to cover most of North America and Europe during glacial
periods, causing >100m reductions in global sea level; ice-sheet collapses became
more rapid and complete; and substantial climate variability at the period precession also appeared (Clark et al., 2006; Huybers, 2011; Opdyke, 1976; Pisias and
Moore, 1981).
Pisias and Moore (1981) described the Middle-Pleistocene Transition (MPT) in
glacial-cycle characteristics as enigmatic because “variations in the Earth’s orbital
parameters, a proposed forcing function of climatic change, do not change in character during the last 2 My”. This statement has underpinned a forty-year effort to
explain the MPT as a fundamental reorganization of the climate that led to changes
in the nature of its response to radiative forcing, for example through changes in
conditions at the ice-sheet-sediment interface or phase-locking of internally-generated
glacial cycles to orbital variations. Most hypotheses invoke the growth of larger
ice sheets as being either a cause (e.g. Clark et al., 1999) or consequence of changes
in climate dynamics (Mudelsee and Schulz, 1997; Raymo et al., 1997; Willeit et al.,
2019, e.g.), or both (e.g. Imbrie et al., 1993). The MPT has been described either as
being relatively abrupt (Clark et al., 2006; Elderfield et al., 2012; Pisias and Moore,
1981) or, alternatively, as reflecting a more gradual evolution (Huybers, 2007; Lisiecki
and Raymo, 2007; Park and Maasch, 1993), but virtually all proposals divide Northern Hemisphere glaciation into two intervals with a transition centered at approximately ∼1 Ma.
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A number of unresolved questions remain regarding the nature and origin of
the MPT. First, the apparent absence of precession variability in early-Pleistocene
climate proxies is conspicuous. Climatic precession has a large influence on the duration and intensity of summer heating when the orbit is eccentric and is expected
to influence ice-sheet melting because ablation rates scale with positive degree-days
(Braithwaite and Zhang, 2000; Cuffey and Paterson, 2010). Several mechanisms
have been proposed for the cancelation of the precession influence on ice-volume,
including that increases in the intensity of summer are offset by opposing decreases
in its duration and vice-versa (Huybers, 2006), or that the ablation effect of increases in Northern Hemisphere summer intensity are offset by anti-phased decreases in Southern Hemisphere summer intensity (Raymo et al., 2006). These explanations are incomplete, however, because they do not explain the appearance
of precession variability in the late Pleistocene. Chapter 1 revisits the concept of
the “41-ky world” and the role of precession in early Pleistocene climate variability. Commonly-used methods for estimating precession variance in proxy records,
such as power spectral density estimation, yield large uncertainties on account of
the precession signal having variable amplitude and frequency, as well as noise and
age error in the data. Chapter 1 introduces an alternative approach that searches for
the real-time astronomical variations in the data. This leads to more precise orbital
amplitude estimates and, ultimately, recognition that climatic precession has greater
importance in driving early-Pleistocene climate variability than previously recognized.
Second, the origin of the ∼100 ky late-Pleistocene ice ages remains unresolved. A
fundamental question is whether the ∼100 ky cycles are externally forced by orbital
variations or if they represent an internal mode of climate variability that is phase-
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locked to orbital variations, a question on which foregoing studies are divided. According to one framing, free climate oscillations arise by internal dynamics without
changes in the external forcing, and happen to take up a ∼100 ky period. The ice
sheet is described as growing through multiple obliquity or precession forcing cycles (e.g. Huybers, 2011; Huybers and Wunsch, 2005) until it destabilizes. Proposed
mechanisms have included reductions in precipitation rates at the surface of cold,
high-elevation ice sheets (Källén et al., 1979), increased melting from the accumulation of dust over ice sheets (Peltier and Marshall, 1995), and many others that could
yield quasi-periodic ice-sheet collapses even in the absence of orbital variations.
An alternative perspective is that orbital variations force ice sheets to both grow
and decline about an intermediate equilibrium state (e.g. Imbrie and Imbrie, 1980;
Paillard, 1998). In this case the ice sheet responds in approximate proportion with
the forcing, but disintegrates entirely when faced with a period of exceptionally
strong summer heating – perhaps due to mechanisms such as calving into proglacial
lakes (Pollard, 1983b), or intensified surface melting from delayed rebound of depressed bedrock (Abe-Ouchi et al., 2013) – and re-equilibrates over subsequent orbital cycles. The occurrence of ice-sheet collapse events at only the most intense or
persistent insolation maxima leaves a ∼100 ky imprint in the climate record.
In both the internal and external hypotheses the orbital variations are seen to
pace glacial terminations, as has been statistically demonstrated (Bajo et al., 2020;
Huybers, 2007, 2011). The critical distinction between them is whether orbital variations are a necessary condition for glacial cycles to arise. Statistically testing which
explanation is more convincing – or if an alternative framing, such as that ∼100 ky
cycles are entirely stochastic (Wunsch, 2003), is preferrable – requires more than
just one instance of late-Pleistocene ∼100 ky cycles. Insofar as foregoing descrip-
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tions of the MPT generally agree that a singular evolution to lower-frequency and
larger-amplitude glacial cycles took place, an important previous finding is that
∼100 ky glacial cycles are also found in early Pleistocene and late Pliocene proxy

records (e.g. Caballero-Gill et al., 2019; Clemens and Tiedemann, 1997; Lisiecki,
2010), albeit with smaller amplitude than in the late Pleistocene. Chapter 2 takes
advantage of these multiple appearances of ∼100 ky cycles to statistically test their
origins.
Distinguishing between different explanations for the ice ages also requires taking into consideration greenhouse gas forcing. Ice cores provide a detailed record
of atmospheric greenhouse gas concentrations through the late Pleistocene (Bereiter et al., 2015), but early-Pleistocene CO2 levels remain uncertain because the oldest continuous ice-core records only extend to about 800 ka. Some discontinuous
proxy reconstructions based on Boron isotope ratios in foraminifera (Chalk et al.,
2017; Dyez et al., 2018) indicate that sea-level became more sensitive to CO2 variations after the MPT. Chapter 3 investigates whether these observations support
a change in the dynamics controlling glacial cycles over time or, more simply, the
fuller expression of stationary climate nonlinearities due to increases in ice-sheet
size. Chapter 4 leverages a proposed consistency in the CO2 -sea-level relationship
over the Pleistocene to make a partially testable prediction of early-Pleistocene CO2
derived from multiple sea-level reconstructions.
Whereas Chapters 1 through 4 only consider conditions above the earth surface,
links between the climate and solid-earth systems have also been hypothesized.
For example, there is evidence that glacial-interglacial sea-level variations affect
hydrothermal metal fluxes (Costa et al., 2017) and the rate of magma production
(Crowley et al., 2015) at mid-ocean ridges, where the latter is also supported by nu-
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merical experiments (Burley and Katz, 2015; Cerpa et al., 2019; Crowley et al., 2015;
Lund and Asimow, 2011). The full range of interactions between sea level, midocean-ridge systems, and the production of oceanic crust remains a topic of active
study. Chapter 5 explores one possible hypothesis in which sea level variations, by
their influence on melt upwelling rates, affect the proportion of plate extension accomodated by new crust. It is suggested that Pleistocene deglaciations induce faults
near the ridge axis, leading to bathymetry patterns that follow variations in sea-level
over time.
The distinctions between the early and late Pleistocene ice ages have been studied extensively. This thesis brings to the fore that the two epochs share a surprising
number of commonalities. My hope is that these similarities may be informative in
unraveling the origins of the Mid-Pleistocene Transition.
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1
Climatic precession variability in the early Pleistocene
This chapter is reproduced from Liautaud et al. (2020).

Abstract
Despite having a large influence on summer insolation, climatic precession is thought
to account for little variance in early Pleistocene proxies of ice volume and deepwater temperature. Various mechanisms have been suggested to account for the
dearth of precession variability, including meridional insolation gradients, interhemispheric cancellation of ice-volume changes, and antiphasing between the duration and intensity of summer insolation. We employ a method termed Empirical Nonlinear Orbital Fitting (ENOF) to estimate the amplitudes of obliquity and
precession forcing in early Pleistocene proxies and their respective leads or lags relative to the timing of orbital variations. Analysis of a high-resolution North Atlantic benthic δ18 O record, comprising data from IODP sites U1308 and U1313, indicates a larger precession contribution than previously recognized, with an average
precession-to-obliquity amplitude ratio of 0.51 (0.30-0.76 95% confidence interval)
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in the rate-of-change of δ18 O between 3 and 1 Ma. Averaged when eccentricity exceeds 0.05, this ratio rises to an average of 1.18 (0.84-1.53). Additional support for
precession’s importance in the early Pleistocene comes from its estimated amplitude
covarying with eccentricity, analyses of other benthic δ18 O records yielding similar
orbital amplitude ratios, and use of an orbitally-independent timescale also showing significant precession. Precession in phase with Northern Hemisphere summer
intensity steadily intensifies throughout the Pleistocene, in agreement with its more
common identification during the late Pleistocene. A Northern Hemisphere ice
sheet and energy balance model run over the early Pleistocene predicts orbital amplitudes consistent with observations when a cooling commensurate with North
Atlantic sea surface temperatures is imposed. These results provide strong evidence
that glaciation is influenced by climatic precession during the late Pliocene and
early Pleistocene, and are consistent with hypotheses that glaciation is controlled
by Northern Hemisphere summer insolation.

1.1

Introduction

Adhémar (1842), Croll (1864), and Murphy (1869) each argued in turn that ice ages
are initiated by changes in the duration and intensity of the seasons. Adhémar
(1842) suggested that long winters favor the growth of ice sheets, while Croll (1864)
proposed that cold winters are the most favorable, and Murphy (1869) that cool
summers, unable to melt the previous winter’s snowfall, are responsible. All three
yet agreed that “only one hemisphere, the northern or the southern, has a glacial climate at the same time” (Murphy, 1869), citing the important influence of climatic
precession on the duration and intensity of seasons. Climatic precession, whose
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influence is anti-phased between the hemispheres, arises from the precession of
Earth’s rotational axis, at a period of 25.7 ky, which when combined with apsidal
precession gives an overall period that ranges between 18 and 24 ky. Its effect on
climate is modulated by the orbital eccentricity.
Milanković (1941) rejected the view that hemispheres were alternately glaciated,
arguing instead that a Northern Hemisphere glacial advance has global consequences
by changing the planetary albedo. Using more accurate calculations of variations in
obliquity – which produce in-phase changes in insolation across both hemispheres
– than had been available to his predecessors, Milankovitch predicted the timing of
ice ages from variations in the summer caloric half-year, or the insolation averaged
over the half of the year that maximizes the resulting value, on which precession
and obliquity have nearly equal influence. A number of studies have confirmed
Milankovitch’s hypothesis in the late Pleistocene; for example, sea-level highstands
demonstrate variability consistent with Milankovitch’s hypothesized precession
phase (e.g. Broecker et al., 1968), and other climate proxies feature obliquity and
precession amplitudes consistent with Milankovitch’s hypothesized forcing (Hays
et al., 1976; Imbrie et al., 1992). But whether Milankovitch’s theory, or indeed any
theory calling upon precession as causing fluctuations in ice volume, also holds for
the early Pleistocene and late Pliocene is much less clear, because δ18 O measured in
benthic foraminifera has been interpreted to vary almost exclusively at the obliquity period of 41 ky during this earlier epoch, with apparently negligible variance at
precession periods (Ruddiman et al., 1986).
Several explanations have been proposed for the 41-ky ice ages. Raymo and Nisancioglu (2003) proposed that the meridional insolation gradient, which varies primarily at the obliquity period, could drive heat and moisture fluxes that would con-
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trol the ice sheet mass balance, but this would require that the ice sheet be equally
sensitive to insolation in the sub-tropics and at high latitudes. Loutre et al. (2004)
asked whether the mean annual insolation, which features no precession variance,
could drive long-term climate variability, and also proposed a role for the meridional insolation gradient in driving poleward moisture transport. Huybers (2006),
modifying the caloric half-year model of Milanković (1941), argued that the influence of precession-induced changes in insolation intensity were canceled by an opposing change in summer duration. The degree of precession cancellation would
depend on several factors, including the average global temperature and the meridional extent and thickness of the ice sheet (Huybers and Tziperman, 2008).
Contrasting with explanations excluding precession from the forcing, Raymo
et al. (2006), extending the model of Murphy (1869), argued that local summer intensity does control ablation, but its anti-phased response between the hemispheres
results in a cancellation of the precession signal in δ18 O records. This would require
that the Southern Hemisphere contribution to changes in δ18 O nearly balance and
be well-mixed with that of the Northern Hemisphere despite the Northern ice
sheets lying at comparatively low latitude (Alley, 1991), with an ablation margin
exposed to insolation more strongly influenced by precession. The foregoing mechanisms are not mutually exclusive, and Tabor et al. (2015) suggested that a combination of factors including eccentricity modulation of the precession amplitude
and obliquity’s longer period relative to precession increase the obliquity response
relative to precession.
Evidence for the presence of precession in early Pleistocene glacial cycles is not
entirely absent. An analysis of globally-distributed benthic δ18 O records suggested
that the amplitude of climate variability at precession frequencies follows the long-
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term amplitude modulations of climatic precession throughout the Plio-Pleistocene
(Lisiecki and Raymo, 2007), and precession has long been identified in early Pleistocene planktonic δ18 O records for use in the construction of age models (Shackleton et al., 1990). A further important finding is that not all early Pleistocene glacial
cycles are symmetric (Ashkenazy and Tziperman, 2004; Lisiecki and Raymo, 2007),
with rates of deglaciation appearing to exceed those of glaciation in some cycles.
This asymmetry suggests a nonlinear response to orbital forcing and is qualitatively
consistent with late Pleistocene climate variability, albeit of smaller magnitude
(Huybers, 2007). Because precession does not change the net annual insolation,
only redistributing it across seasons (Rubincam, 1994), its appearance in climate
proxies must result from a nonlinearity in the climate response (Rubincam, 2004)
or how it is recorded (Huybers and Wunsch, 2003). Precession might therefore
be expected to accompany apparently nonlinear variability during the early Pleistocene, just as it does similar asymmetric variability in the late Pleistocene. These
factors motivate our revisiting the substantiality of precession forcing in early Pleistocene glacial cycles.

1.2

Data

We evaluate a composite, high-resolution benthic δ18 O record from the North Atlantic ocean spanning 3 Ma to the present, referred to as L2H19 (Figure 1.3a). L2H19
comprises data from IODP Site U1313 between 3 Ma and 2.42 Ma and from Site
U1308 thereafter. The combined record features an average temporal resolution of
0.3 ky from 1.62 Ma to present, 1.3 ky from 2.42 to 1.62 Ma, and 2.1 ky from 3.0 to
2.42 Ma.
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The choice to patch U1313 between 3 Ma and 2.42 Ma was made for purposes of
having a complete and undistorted record. Although U1308 extends to beyond 3
Ma, it contains a hiatus between 2.6 and 2.65 Ma that skips Marine Isotope Stages
(MIS) G1 and G2, and low sedimentation rates or a short hiatus distorts MIS 97
and 98 (Hodell and Channell, 2016). U1313 provides a more complete record in
the late Pliocene (Bolton et al., 2010), and its benthic δ18 O values closely align with
those of U1308 where they overlap except with minor amplitude mismatches from
2.7 to 2.9 Ma. Both records are drilled at similar water depths, with U1313 at 3426m
and U1308 at 3882m, and the shipboard spliced composite sections were checked for
completeness. U1313 and U1308 are spliced together by taking mean values across an
overlap of 10 ky at 2.42 Ma (Figure 1.5).
Five other benthic δ18 O records that extend into the early Pleistocene are also
evaluated, and their characteristics are listed with those of L2H19 in Table 1.1. Two
records, one from DSDP Site 607 and the second from ODP Sites 980 and 981,
are from the North Atlantic. The three other records, from ODP Sites 677, 846,
and 849, are from the equatorial Eastern Pacific. For completeness, we additionally
evaluate the globally-averaged records of Lisiecki and Raymo (2005) and Huybers
(2007).
To better ensure that our results neither diminish nor over-represent orbital
variability, two separate chronologies are considered, based on orbitally-tuned
and depth-derived records (Huybers, 2007; Lisiecki and Raymo, 2005) . Details
of depth-age relationships are given in the Appendix.
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0.28
0.25
0.35
0.31
0.29
0.29
0.34

LR04
H07
DSDP 607
ODP 677
ODP 846
ODP 849
ODP 980/981

41N
1N
3S
0
55N

Lat.,
50N

◦

33W
84W
91W
111W
17W

Lon.,
24W

◦

3.00
3.00
2.60
3.00
3.00
3.00

2.35
3.89
1.74
2.36
3.20
2.08

2.00
2.00
1.95
1.77
2.00
1.95

1.00
3.55
1.63
2.71
3.49
2.85

Lisiecki and Raymo (2007)
Huybers (2007)
Ruddiman et al. (1989)
Shackleton et al. (1990)
Mix et al. (1995a)
Mix et al. (1995b)
McManus et al. (1999);
Oppo et al. (1998);
Flower et al. (2000); McIntyre et al. (1999);
Raymo et al. (2004)

Orbitally-tuned, 3-1 Ma Depth-Derived, 2-1 Ma Original Reference(s)
Age, Ma
Δt, ky
Age, Ma
Δt, ky
3.00
0.97
2.0
0.48
Bolton et al. (2010); Hodell
and Channell (2016); Hodell
et al. (2008) ;

Table 1.1: Properties of marine sediment cores. Listed are the standard deviation of δ18 O between 2 and 1 Ma, location, estimated
age of the oldest sample, and mean sampling interval. Age and sampling interval are given as available for both orbitally-tuned and
depth-derived age models. The coordinates of L2H19 are listed as those of IODP Site U1308, but note that between 3 and 2.42 Ma,
data are from Site U1313.

0.37

σ, h, 2-1 Ma

Age model
Record
L2H19

1.3

Indeterminate precession estimates from spectral analysis

1.3.1 Method
Following the convention of past studies (Hays et al., 1976; Imbrie and Imbrie,
1980), we first attempt to quantify orbital forcing of early Pleistocene glacial cycles
using spectral analysis, evaluating the rate-of-change of δ18 O, i.e., dδ18 O/dt. Analysis of the rate of change, rather than the magnitude, follows from major ice sheets
having long response times (Weertman, 1964) and is supported by coherence between dδ18 O/dt and summer-integrated energy (Huybers, 2006; Roe, 2006). Analyzing dδ18 O/dt also permits for better separating sensitivity to orbital forcing from
the influence of the relative periods of orbital variations, with previous studies noting that obliquity’s longer period amplifies it relative to precession when integrating
a model that relates orbital forcing to the rate-of-change of ice volume (Huybers
and Tziperman, 2008; Tabor et al., 2015).
dδ18 O/dt is constructed by taking the first-difference of δ18 O then dividing by

the time between samples, after linearly interpolating to an even spacing of 0.5 ky.
Although some samples in L2H19 are taken at smaller intervals than this, repeating the analysis using a spacing of 0.25 ky leads to only minor differences in estimates. Power spectral density (PSD) is computed using Thomson’s multi-taper
method with three tapers (Percival and Walden, 1993). A noise floor is estimated by
fitting a power law to the PSD (see Figure 1.1 and the Appendix). The variance attributed to obliquity and precession is the net integral between the power spectrum
and the noise floor in their respective frequency bands, defined to be 1/41 ± 1/125
ky−1 and 1/21 ± 1/125 ky−1 , including negative values where the noise floor exceeds
the power spectrum. Sums are taken as a fraction of the total area under the power
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spectrum, then multiplied by the time series’ variance. The square root of this result is reported in amplitude units of 0.001 h ky−1 , or meg−1 ky−1 .
Nearly all Pleistocene records feature a red background continuum, with δ18 O
typically following a spectral power law ranging from 0.8 to 2 that breaks down at
or above 1/100 ky−1 (Wunsch, 2003). A process following a power law of 2 may be
produced by a random walk in which its value at the next time-step is the sum of
its current value and a random number drawn from a Gaussian distribution. Differencing such a record therefore whitens its spectrum (Bracewell, 1986), consistent
with the approximately flat noise floor in dδ18 O/dt (Figure 1.1).
The 95% confidence interval for the power spectrum is estimated from the approximate χ2 -distribution of the spectral estimator (Percival and Walden, 1993),
with further details given in the Appendix. To obtain approximate upper 95% confidence bounds for orbital amplitudes, the procedure for calculating orbital amplitudes is applied to the upper confidence bound of the power spectrum, and viceversa for the lower bound. For the power spectrum area used as the denominator,
power is taken as the central estimate, except in the orbital band where it is taken as
the upper or lower 95% confidence bound of the power spectrum. Where a ratio of
precession to obliquity amplitude is reported, the upper and lower 95% intervals are
approximated by dividing the upper and lower precession estimate by the central
obliquity estimate.

1.3.2 Spectral estimates of orbital forcing amplitudes
We divide records into segments representing 3-2 Ma and 2-1 Ma to allow direct
comparison with depth-derived records, which end at or near 2 Ma. Spectral amplitude estimates do not rule out the possibility of significant early Pleistocene pre-
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Figure 1.1: Power spectra of dδ18 O/dt . Columns are organized by the longitude associated with each record from west to east,
and rows according to spectra using orbitally-tuned timescales for 3-2 Ma (top), orbitally-tuned timescales for 2-1 Ma (middle), and
depth-derived timescales for 2-1 Ma (bottom). The 95% confidence interval is indicated as estimated for individual spectral estimates (red) and for summing energy across the orbital band (blue; see 1.8.2). Bands over which obliquity and precession power are
summed (gray shading) are at 1/41 ± 1/125 ky−1 and 1/21 ± 1/125 ky−1 . All twenty-one obliquity-band spectral power estimates are
significant at the 95% confidence level (indicated by black stars), but only seven indicate correspondingly significant climatic precession. In the last column, the upper two panels refer to the LR04 stack, and the bottom panel refers to the H07 stack.

cession forcing, but substantial uncertainties preclude a confident interpretation of
results.
Averaged from 3-2 Ma, the estimated precession amplitude in the orbitally-tuned
L2H19 is 6.8 (0.0-16.8 95% confidence interval) meg−1 ky−1 , compared with an
obliquity amplitude of 30.7 (22.9-42.1) meg−1 ky−1 , giving a precession-to-obliquity
amplitude ratio of 0.22 (0.00 - 0.55). Over 2 to 1 Ma, the precession amplitude averages a larger 24.0 (13.4-38.6) meg−1 ky−1 and, unlike in the previous million years, is
statistically significant. A much smaller increase in the obliquity amplitude of 4.4
meg−1 ky−1 is observed between the two time periods, such that the precession-toobliquity amplitude ratio increases to 0.68 (0.38-1.10) in the later interval.
Spectral estimates in other records follow a similar pattern to L2H19 (Table 1.2).
No records give a significant precession amplitude estimate between 3 and 2 Ma.
Between 2 and 1 Ma, the presence of precession is more ambiguous, with four out
of six tuned records – DSDP 607, ODP 846, ODP 849, and the LR04 stack – giving significant precession amplitude estimates. When evaluating records on the
depth-derived chronology between 2 and 1 Ma, the importance of precession is even
less clear, with only two records, L2H19 and the LR04 stack, giving significant spectral estimates of precession.
Further ambiguity arises from precession’s upper bound being poorly constrained.
While only 7 of the 21 time-series evaluated give significant spectral estimates of precession, the upper 95% confidence limit on the precession estimate is greater than
obliquity’s lower 95% limit in four tuned records between 3 and 2 Ma, every tuned
record between 2 and 1 Ma, and two records on the depth-derived timescale between 2 and 1 Ma, such that it is not always possible to rule out precession having
a larger amplitude than obliquity.
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It could be that Fourier-based estimation is sub-optimal for determining orbital
amplitudes on account of several basic assumptions being violated. The precession
signal does not appear stationary, as is implicitly assumed, with an apparently growing amplitude over the Pleistocene. Furthermore, major frequency modulations associated with precession, such as those induced by variations in eccentricity’s amplitude (Burns, 1976), lend ambiguity to the energy band within which the precession
signal is contained. It is also clear from Table 1.2 that L2H19’s orbital amplitude
estimates are substantially larger than for other records over 2-1 Ma, and possible
reasons for orbital amplitude differences between records are addressed in sections
1.4.2 and 1.7.1.
None of these factors necessarily explain why some records give statistically significant precession where others on the same chronology or across the same time
interval do not. On one hand, we are concerned that assessing multiple records can
lead to false positives and, on the other, that the high degree of variability in spectral estimates implies that the presence of significant precession cannot be ruled
out. These considerations prompt our exploring a complimentary method for assessing whether precession variability is present in the early Pleistocene.

1.4 Empirical Nonlinear Orbital Fitting (ENOF)
In developing a method that is complimentary to spectral analysis, we seek to utilize
precession’s known frequency and amplitude modulations and to allow for nonstationarity in the amplitude of the precession response over time. The method we
propose below is similar to spectral analysis, which can be represented as a leastsquares fit of sinusoids to a time-series (e.g. Bracewell, 1986), but modified to be
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Orbitally-tuned, 3-2 Ma
Power Spectrum
ENOF
Obliquity
Precession
Obliquity
Precession
30.7 (22.9 - 42.1) 6.8 (0.0-16.8)
31.0 (24.1-38.1) 8.6 (3.9-14.7)
24.7 (19.1-31.8)
2.7 (0.0-10.8)
23.5 (18.5-28.6) 7.0 (3.4-11.6)
27.2 (19.8 - 36.4)
6.5 (0.0-16.1)
24.0 (18.4-30.1) 8.3 (3.5-14.1)
23.3 (12.0 - 40.3) 0.0 (0.0-22.2)
21.2 (12.0-31.3) 3.8 (0.0-12.3)
23.7 (16.8 - 33.6)
6.9 (0.0-17.1)
21.5 (14.9-28.6) 7.8 (2.9-14.5)
14.6 (6.3 - 23.9)
5.8 (0.0-16.2)
16.4 (9.4-23.6) 5.6 (0.7-12.0)
24.9 (17.0 - 35.4)
9.3 (0.0-19.7) 25.0 (17.9-32.4) 10.4 (5.3-17.0)
Orbitally-tuned, 2-1 Ma
Depth-derived, 2-1 Ma
Power Spectrum
ENOF
Power Spectrum
ENOF
Obliquity
Precession
Obliquity
Precession
Obliquity
Precession
Obliquity
Precession
35.1 (24.1 - 52.0) 24.0 (13.4 - 38.6) 34.5 (24.2-45.1) 22.4 (14.0-31.7) 32.9 (21.6 - 49.3) 23.2 (11.6-38.1) 32.7 (22.2-43.2) 17.6 (9.7-27.0)
26.9 (20.2 - 36.2) 15.8 (9.4 - 24.2) 25.4 (19.2-31.9) 15.8 (10.2-21.9)
26.5 (21.9 - 31.4) 8.2 (2.5 - 13.9) 24.0 (19.8-28.3) 6.8 (4.1-10.5)
28.7 (20.5 - 39.7) 20.8 (13.3 - 30.9) 28.8 (22.1-36.0) 19.6 (13.8-26.1) 30.0 (21.1 - 41.4) 7.7 (0.0 - 19.7) 28.4 (20.8-36.6) 6.4 (2.3-13.4)
27.5 (19.4 - 39.8) 14.2 (0.0 - 25.8) 25.5 (16.6-34.8) 16.3 (8.9-24.9) 26.7 (17.7 - 40.0) 0.0 (0.0 - 15.8) 24.8 (16.4-33.4) 5.7 (1.3-12.6)
25.4 (18.0 - 36.0) 12.6 (2.3 - 22.3) 22.6 (16.6-29.5) 13.6 (7.6-20.5) 27.0 (18.8 - 39.3) 10.0 (0.0 - 21.8) 22.9 (17.6-28.9) 9.2 (5.0-14.7)
24.7 (17.9 - 33.4) 13.8 (6.6 - 22.1) 23.9 (17.9-30.3) 13.7 (8.6-19.5) 24.5 (17.3 - 33.5) 0.0 (0.0 - 12.4) 23.0 (16.7-29.7) 6.9 (2.5-13.0)
19.4 (9.7 - 32.1) 12.2 (0.0 - 26.3) 17.7 (8.4-28.5) 10.5 (2.0-20.9) 19.8 (6.0 - 34.0) 9.6 (0.0 - 25.6) 18.2 (9.1-28.7) 7.2 (0.4-16.8)

Table 1.2: Amplitudes of obliquity and precession contributions from spectral and ENOF estimates. Bracketed values give approximate 95% confidence intervals and estimates are in units of meg−1 ky−1 . Power spectral estimates reported here are equivalent to
those shown in Figure 1.1. ENOF estimates differ from spectral estimates in indicating significant precession contributions because
ENOF estimates are associated with narrower 95% confidence intervals.

Age model
Method
Forcing term
L2H19
LR04
DSDP 607
ODP 677
ODP 846
ODP 849
ODP 980/1
Age model
Method
Forcing term
L2H19
LR04
H07
DSDP 607
ODP 677
ODP 846
ODP 849
ODP 980/1

a least-squares fit of the orbital elements themselves that is sequentially fit using a
sliding window.

1.4.1

Method

Previous studies have represented the orbital influence on glacial mass balance using
a flexible index consisting of a weighted sum of obliquity and climatic precession
(e.g. Imbrie and Imbrie, 1980), where selecting appropriate weights and climatic
precession phase allows for reproducing most parameterizations of insolation forcing. Equating this index to the rate-of-change of δ18 O has been shown to produce
a good fit in the late Pleistocene (Imbrie and Imbrie, 1980; Roe, 2006) for the same
reasons given in section 1.3.1. Following these previous studies, we posit a functional
form for the orbital forcing of ice sheet mass balance as,
dV
= Ao (t)ε(t − Δto ) + Ap (t)e sin(ϖ(t − Δtp )) + η(t).
dt

(1.1)

The rate-of-change of ice volume, dV/dt, is represented as a combination of obliquity, ε, and climatic precession forcing. Climatic precession has an amplitude controlled by orbital eccentricity, e, and phase equal to the longitude of perihelion, ϖ,
taken relative to the vernal equinox. Ap and Ao are the amplitudes respectively associated with obliquity and precession, Δto and Δtp are the respective time offsets,
and all four parameters are permitted to vary over time. Time offsets arise from
age model error, the seasonal sensitivity of δ18 O, and lags in the response to orbital
forcing. Noise and processes not otherwise accounted for are represented by η. The
values used for e, ϖ, and ε are from Berger and Loutre (1991).
Taking ϖ relative to the vernal equinox gives a model in which Δtp = 0 implies
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that maximum rates of melting and ocean warming occur when perihelion aligns
with Northern Hemisphere summer solstice. Initial estimates for Ap , Ao , Δtp and
Δto are all set to zero, consistent with the rate-of-change of δ18 O being in phase with

peak Northern Hemisphere summer intensity, but Δtp and Δto could allow for precession variability of essentially any phase because they are allowed to vary within
±10 ky. No parameter is needed for a direct offset in the precession angle ϖ, because

the time offset Δtp captures virtually all of the structure that such a parameter might
introduce. Note that a positive value of Δtp or Δto indicates that observations lag
orbital variations, and a negative value indicates a lead.
Values of Ap , Ao , Δtp and Δto are estimated by a nonlinear least-squares fit of equation 1.1 to dδ18 O/dt over a box-car window of length τ ky, centered on a time t.
The rate-of-change is constructed by a first-difference of δ18 O after linear interpolation to even spacing of 0.5 ky. As with spectral analysis, using a finer interpolation
scheme for L2H19 only produces minor changes in estimates. Fitting is undertaken
using a Matlab optimization routine which uses a trust-region algorithm for parameter estimation (see the Appendix). Before evaluation, dδ18 O/dt is smoothed
with a 6 ky filter to minimize the influence of noise in parameter estimation. Note
that smoothing a record resolved at frequencies well above that of climatic precession is expected to minimally influence orbital energy, whereas coarsely sampling a
sediment core instead aliases unresolved high-frequency energy to lower frequencies (Pisias and Mix, 1988). Each window is shifted relative to the previous by k ky,
and the fit repeated, until the end of the time-series is reached. Each t is therefore
associated with τ/k estimates for a parameter, which are averaged to obtain a single
time-continuous estimate. Unless otherwise noted, we use τ = 50 ky and k = 5
ky. Choosing k to be substantially less than τ permits for sufficient continuity to
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obtain a smooth estimate of the time-evolution of orbital amplitudes. To obtain
time-averaged amplitudes for each of precession and obliquity, the square root of
the variance of the first and second terms in equation 1.1, respectively, is taken.
Like in spectral analysis, the presence of background noise causes ENOF to overestimate orbital variance. The bias is a function of the signal-to-noise ratio (SNR),
and is estimated from a Monte Carlo approach in which ENOF is run against repeated realizations of synthetic time-series containing both orbital variance and
noise. The bias correction, analogous to subtracting the noise floor in spectral analysis, is made by linearly interpolating the noise fraction of the total amplitude against
the mean bias for that fraction, as estimated from synthetic tests.
95% parameter confidence intervals for Ap and Ao are approximated under an assumption of asymptotic normality of the estimator, with further information given
in the Appendix. Similarly to spectral analysis, when reporting a ratio of precession
to obliquity amplitudes, the accompanying confidence interval comprises the lower
and upper 95% confidence bounds for precession divided by the central obliquity
estimate. Because estimates of Δtp and Δto are strongly influenced by age model
error and bound-constrained to avoid overfitting, confidence intervals are not expected to be informative for these parameters and are therefore not estimated.

1.4.2

Time-averaged orbital forcing amplitudes and time offsets

Unlike with spectral analysis, ENOF estimates of the precession amplitude in L2H19
are significant throughout the full 3-1 Ma period. Between 3 and 2 Ma, ENOF gives
a precession amplitude of 8.6 (3.9-14.7) meg−1 ky−1 and an obliquity amplitude of
31.0 (24.1-38.1) meg−1 ky−1 , which together yield a precession-to-obliquity ratio of
0.28 (0.13-0.47). The precession estimate rises to 22.4 (14.0-31.7) between 2 and 1
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Ma, whereas the obliquity amplitude increases by only 3.5 meg−1 ky−1 , such that
their ratio rises to 0.65 (0.41-0.92) between 2 and 1 Ma (Table 1.2).
The apparent detection of significant precession in the 3-2 Ma interval is supported by ENOF estimates in other records, with all but one orbitally-tuned record
giving significant precession estimates over this time period (Table 1.2). Confidence in the significance of precession in the early Pleistocene is bolstered by a
finding that ENOF precession estimates are significant in every record on both
the orbitally-tuned and depth-derived chronologies between 2 and 1 Ma. Note,
however, that central estimates of the precession-to-obliquity amplitude ratio average 50% lower in depth-derived records relative to orbitally-tuned records (Figure
1.2b,c). Differences in precession estimates between age models is further discussed
in section 1.7.1.
As is the case with spectral analysis, L2H19 features significantly larger orbital
amplitudes than other records (see Table 1.2). More generally, orbital amplitudes
are systematically higher in North Atlantic records than in Pacific records, and this
may partly reflect greater variance from deep-water temperature in North Atlantic
benthic δ18 O records (Duplessy et al., 1980; Waelbroeck et al., 2002). There does
not appear to be a substantial difference in the relative sensitivity to precession versus obliquity between basins, with the ratio between the two averaging 0.64 for
North Atlantic and 0.60 for Eastern Pacific orbitally-tuned records between 2 and 1
Ma.
The estimated time offsets, Δtp and Δto , serve to quantify the timing of orbitallyinduced variations in δ18 O. Several factors make it unwise to place much weight on
individual time offset estimates, however, including (i) that age uncertainties are
up to half the period of precession (Huybers, 2007), (ii) that there remains signif-
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Figure 1.2: Precession amplitude relative to obliquity in early Pleistocene benthic dδ18 O/dt, as
estimated by ENOF (red) and spectral analysis (blue), in (a) orbitally-tuned records for 3-2 Ma, (b)
orbitally-tuned records for 2-1 Ma, and (c) depth-derived records for 2-1 Ma. Circles represent
best estimates, and bars represent the 95% confidence range. Estimates from ice sheet model
results described in section 1.6 are also included. The label for the composite records, “LR04 (a,b) /
H07 (c)”, refers to the LR04 stack in panels (a) and (b), and the H07 stack in panel (c).

icant uncertainty regarding what controls the precession phase in global climate
records (e.g. Kawamura et al., 2007), (iii) that orbitally-tuned records have previously been aligned to a Northern Hemisphere ice-volume curve, and (iv) that the
ENOF model is centered about a Northern Hemisphere summer forcing. Despite
these factors, agreement in Δtp and Δto across several records and age models would
provide confidence that the estimated precession variability represents a consistent
set of physical processes.
Mean Δtp is no more than ±1 ky in records on both age models and over both 3-2
Ma and 2-1 Ma. In orbitally-tuned records, Δtp averages -0.2 ky between 3 and 2 Ma,
and 0.1 ky between 2 and 1 Ma, and in depth-derived records, Δtp averages 0.5 ky between 2 and 1 Ma. Similarly, mean Δto does not exceed 3 ky in any record on either
age model, averaging 0.5 ky over 3-2 Ma and 1.6 ky over 2-1 Ma in orbitally-tuned
records, and 2.4 ky over 2-1 Ma in depth-derived records. Given age uncertainties of
±6 ky for tuned records (Lisiecki and Raymo, 2005) and ±10 ky for depth-derived

records (Huybers, 2007), Δtp and Δto in dδ18 O/dt may be interpreted as being indis-
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tinguishable from in-phase with the intensity of Northern Hemisphere summer.
The algorithm may occasionally fail to adequately search the parameter space, returning a Δtp value equal to its initial estimate, though this may also occur if the initial estimate is optimal. Excluding values of Δtp that are equal to the initial estimate
before averaging does not lead in qualitatively different results, with all records giving a mean Δtp of less than 2 ky and a mean Δto less than 3.5 ky.

1.5 Detailed analysis of orbital forcing in L2H19
An analysis of the temporal variability and trends in the estimated precession component of benthic δ18 O further informs the physical origin of the signal and whether
it can confidently be attributed to precession forcing. Of the records we have evaluated, L2H19 has the highest sampling resolution by a wide margin (Table 1.1) and
features high sedimentation rates through the Pleistocene (Channell et al., 2016;
Hodell and Channell, 2016). In light of these exceptional properties, we are motivated to more closely evaluate Pleistocene precession variability using L2H19.

1.5.1

Further evidence for precession forcing in early Pleistocene
benthic δ18 O

A common method for testing whether precession-band variance in a δ18 O record
is of physical origin is to pass the record through a narrow band-pass filter admitting only precession frequencies, typically 1/18 ky−1 to 1/24 ky−1 , and measure the
correlation of the filtered signal’s amplitude with that of eccentricity (e.g. Shackleton et al., 1990). Filtering can produce eccentricity-like amplitude modulations in
orbitally-tuned records even when no relationship with eccentricity exists (Huy-
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bers and Aharonson, 2010), though methods have been proposed to overcome this
problem. Zeeden et al. (2015) suggested that filtering records using a wider band,
e.g. 1/8 to 1/35 ky−1 , then calculating the instantaneous amplitude of the filtered
time-series using the Hilbert transform and smoothing the resulting curve permits
for avoiding spurious detections of eccentricity modulation. ENOF offers a simpler
alternative. Undertaken fully in the time domain, ENOF does not require filtering
a record to identify amplitude variability over time, thereby avoiding the primary
concern raised by Huybers and Aharonson (2010).
If ENOF is repeated with eccentricity excluded from the climatic precession term
of equation 1.1, Ap is responsible for capturing all amplitude modulations of precession. The correlation of Ap with eccentricity then provides an independent test for
the presence of precession. Because ENOF can only resolve variations on timescales
equal to or longer than the length of its fitting window, eccentricity is smoothed by
a window of the same length prior to computing the correlation.
The correlation of Ap with eccentricity in the orbitally-tuned L2H19 between
3 and 1 Ma is 0.46. The significance of this correlation is evaluated against a null
hypothesis, H0,ecc , that Ap varies independently of eccentricity. A probability distribution associated with H0,ecc is formed by repeating the eccentricity-independent
fit 104 times on phase-randomized versions of the input data Schreiber and Schmitz
(2000). Phase randomization preserves the Fourier amplitudes and power spectrum of the time-series, but destroys meaningful amplitude modulations. The 99%
significance level for H0,ecc is found to be 0.38, allowing for a conclusion that the
eccentricity modulation in L2H19 is highly significant. Variations in the window
width or window shift (τ or k, respectively, in section 1.4) only induce small variations in the correlation between eccentricity and Ap (see the Appendix for details).
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Repeating the test with a 100-ky ENOF fitting window gives an equally significant
result.

1.5.2

Trends in forcing amplitudes

Previous work has generally described the Pleistocene as involving a distinct transition between a “41-kyr world”, featuring apparently obliquity-dominated glacial
cycles, and the later “100-kyr world”, with more strongly expressed precession (e.g.
Elderfield et al., 2012). Some studies have alternately described a more gradual progression in glacial-cycle characteristics (Huybers, 2007; Lisiecki and Raymo, 2007).
An ENOF fit using a 100-ky window over the past 3 Ma indicates that precession’s
contribution to L2H19’s dδ18 O/dt rose over the Pleistocene, with no abrupt transition (Figure 1.3c). Precession’s amplitude increased at a rate of (16.21 ± 0.42) × 10−3
meg−1 ky−2 between 3 Ma and the present, roughly five times faster than the growth
rate in obliquity amplitude, (2.82 ± 0.29)× 10−3 meg−1 ky−2 (Figure 1.3). These results
accord with an earlier finding that the spectral power of precession-band frequencies in δ18 O increases in amplitude over the Pleistocene (Lisiecki and Raymo, 2007).
Note that eccentricity itself has slightly larger amplitude on average in the late Pleistocene, but recomputing the precession amplitude trend using a linearly de-trended
eccentricity negligibly changes the result.
The residual between the ENOF fit and dδ18 O/dt gradually increases between
3 and 1 Ma, a trend that can largely be explained by an increase in the variance of
dδ18 O/dt over the same interval.

A linear regression between the moving variance

of dδ18 O/dt and the moving variance of the ENOF residual using a box-car window
of 250 ky yields an R2 of 0.91. Additional amplitude variability is superimposed
upon precession’s amplitude trend due to its modulation by eccentricity, as can be
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Figure 1.3: Trends in orbital forcing in dδ18 O/dt owing to precession and obliquity over the Pleistocene and late Pliocene, using data
from L2H19, a high-resolution benthic δ18 O record. (a) L2H19, with select Marine Isotope Stages labeled, and its geomagnetic polarity reversal stratigraphy (Channell et al., 2008, 2016). (b) The rate-of-change of δ18 O, smoothed with a 6ky 2nd-order Butterworth
filter (gray), and ENOF fit to the time-series (blue) (c) Envelope of the precession contribution from 3 to 0 Ma (red line) and orbital
eccentricity (black line). (d) same as (c), but for obliquity, and where the black line represents the envelope of obliquity. Envelopes
are calculated as the magnitude of the Hilbert transform of the ENOF-estimated precession and obliquity contributions, and for the
calculated values of obliquity. Shaded areas represent the 95% confidence intervals, and black trend-lines indicate a linear leastsquares fit. The ENOF fit uses a 100 ky window, but results are similar when using a 50 ky window (see Appendix C). The y-axis is
reversed in panels (a) and (b).

recognized in the time domain. For example, the peak at 1.75 Ma in Figure 1.3a apparently corresponds to a strong precession peak during an eccentricity maximum.

1.6 Predictions of an ice sheet and energy-balance model
To examine a possible physical explanation for the observed orbital ratios in benthic δ18 O records and the gradual increase in precession amplitude relative to obliquity, we revisit the coupled Northern Hemisphere ice sheet and energy-balance
model of Huybers and Tziperman (2008), hereafter the EBM. The EBM represents
a parabolic ice sheet in a two-dimensional transect from the equator to the North
Pole, and is forced with diurnally averaged daily insolation across all latitudes, permitting it to capture the full seasonal temperature cycle. The model computes heat
fluxes across a two-layer atmosphere and a subsurface layer, with an ice sheet that
freely deforms in accordance with a shallow-ice approximation and sits above a deformable sediment layer.
A number of important factors are not included. There is no ocean, and the
model does not simulate geochemical interactions such as those that may drive a
CO2 feedback (Broecker, 1982), nor the possible influence of sea ice (Gildor and
Tziperman, 2000) or orbitally-forced fluctuations in the volume of the Antarctic
ice sheet (Raymo et al., 2006). Though these limitations are important to note, the
model has been shown to produce ice-volume variability that was previously interpreted to contain little precession (Huybers and Tziperman, 2008), allowing us to
evaluate the EBM output in the same context as the observations.
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1.6.1

Orbital forcing in a two-million year model run with a cooling atmosphere

We analyze a single run of the EBM starting at 3.1 Ma, the first 100 ky of which is
excluded from analysis as an equilibration period, using the parameters listed in the
Appendix (Figure 1.4). A cooling of the background climate is imposed for consistency with an observed long-term cooling trend. To impose this cooling, the height
of the atmospheric radiation emission level is linearly lowered from 7.20 km to 7.06
km between 3.1 and 1 Ma, which cools the Northern Hemisphere surface temperature by 2.2◦ C. Cooling averaged between 45◦ N and 70◦ N is 2.7◦ C, consistent with
an estimated North Atlantic sea-surface-temperature cooling of 2.8◦ C over 3 to 1 Ma
(Lawrence et al., 2010).
Orbital forcing amplitudes are estimated from differenced ice volume, and only
ENOF results are reported because spectral analysis produces very similar central
estimates, giving precession-to-obliquity amplitude ratios within 0.01 of those
estimated from ENOF. Averaged over 3-2 Ma, ENOF estimates a precession-toobliquity amplitude ratio of 0.55 (0.49-0.61 95% confidence interval) in simulated
ice volume. This ratio exceeds that estimated in the observations, which average
0.32. The ratio grows to to 0.71 (0.68-0.75) between 2 and 1 Ma, a shift caused almost entirely by an increase in the precession contribution. During this later interval, the partitioning of orbital energy in the EBM is consistent with orbitally-tuned
records, in which the ratio averages 0.62 (see Figure 1.4 for a comparison of L2H19
against simulated ice volume).
The upward trend in the model ice volume’s precession amplitude can be understood as an ice sheet’s response to gradually cooling atmospheric temperatures.
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Figure 1.4: Simulated variations in ice volume between 3 and 1 Ma. (a) Model ice volume (black)
and L2H19 on an orbitally-tuned age scale (red) for 3-2 Ma. Variations in obliquity (black) and the
climatic precession parameter (e sin(ϖ), light gray) are below. (b) Similar to (a) but for 2-1 Ma and
with L2H19 also shown on a depth-derived age scale (blue). δ18 O values are de-trended over each
1 Ma segment. Select Marine Isotope Stages are labeled for reference.

Cooling reduces melting both because of a shorter melt season and less intense
melting therein, leading to growth of the ice sheet and a southward shift of the ablation margin. Both a shorter melt season and a more southerly melting line will lead
to greater precession variability (see Huybers and Tziperman (2008) and sensitivity
tests in the Appendix), where the former heightens the sensitivity to summer intensity, and the latter exposes the melting line to long-term insolation variations that
are more strongly influenced by precession.
Following past approaches (Raymo and Nisancioglu, 2003; Raymo et al., 2006),
we have treated δ18 O as being indicative of ice volume, though it is also sensitive to
the local deep-water temperature. Previous efforts to deconvolve benthic δ18 O into
its respective components have used an inverse model of an ice sheet coupled to a
simplified representation of deep-water temperature (e.g. Bintanja and van de Wal,
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2008) or empirical isolation of the temperature component from independent measurements of calcite Mg/Ca ratios (e.g. Elderfield et al., 2012). There remain large
uncertainties in the relative amplitudes of ice volume and deep-water temperature
in benthic δ18 O, however (Bintanja et al., 2005), making it difficult to produce a
pure ice-volume curve from which to directly estimate orbital forcing. The phase
of precession in any such deconvolution is also uncertain because it is sensitive to
factors including the lag in the response to orbital forcing, amplitude of Southern
Hemisphere contributions, and seasonal sensitivity of the deep-water temperature
component, each of which is uncertain.

1.7 Discussion and conclusions
1.7.1

Differences in precession estimates across records and methods

The detection and interpretation of orbital variability in climate proxies would be
straightforward if orbital variations were unmodulated sinusoids, records were sampled at high resolution, sedimentation rates were stable across space and time, and
noise and nonlinearity were small. Clearly, orbitally-induced changes in radiative
forcing and the subsequent proxy recording of the response are not so simple. It is
therefore unsurprising that various proxy records have engendered different interpretations when evaluated with different methods, on different chronologies, or
compared against different physical models.
Spectral analysis detects significant precession in just 7 out of the 21 samples
across records, evaluated on two different 1 Ma intervals, and with two different
age models (Table 1.2). In contrast, ENOF identifies a significant precession con-
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tribution in 20 out of 21 samples. The higher rates of detection with ENOF corresponds with the algorithm producing 95% confidence intervals that are, on average, 30% narrower than for spectral estimates. Higher detection rates are only
physically meaningful, however, if they are not borne of an increased probability
of false detection. Thus, a series of tests on synthetic time series are undertaken to
explore differences between ENOF and spectral analysis. These tests are described
in the Appendix and briefly summarized here. Synthetic signals are formulated by
adding background noise similar to that found in the observations (Figure 1.1) with
obliquity and climatic precession signals. The relative skill of ENOF versus spectral
analysis depends on the amplitude of the orbital signal relative to noise, and in the
case of a high signal-to-noise ratio, there is negligible difference between the two
methods’ skill (Figures 1.8 and 1.9), as found in analysis of the EBM’s simulated ice
volume in section 1.6.
Signal-to-noise ratios are estimated for observations by dividing the total energy
above the noise floor in both orbital bands by the sum of all other energy in the
power spectrum, giving an average of 0.20 and ranging from 0.03 to 0.35 across the
21 different samples. The one exception is the H07 stack for which the signal-tonoise ratio is 0.92, possibly because noise is suppressed through averaging multiple
records. Note that because obliquity has a larger amplitude than precession, the
signal-to-noise ratio for each orbital component differs, but we do not account for
this distinction. For a signal-to-noise ratio of 0.075, our synthetic results indicate
that 95% of ENOF estimates will fall within a range that is 36% narrower for ENOF
than for spectral estimates, and for a signal-to-noise ratio of 0.25 the range is 26%
narrower. These empirical coverage intervals are thus consistent with the 30% narrower confidence intervals determined for ENOF relative to spectral analysis (Table
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1.2) and with ENOF having greater statistical power for identifying climatic precession.
In contrast to its better identifying orbital variations in the presence of noise,
ENOF is relatively more sensitive to age model errors than our spectral analysis approach (Figure 1.10). Greater sensitivity can be understood in that ENOF fits only
to a specific time-series of orbital forcing, whereas spectral estimates are insensitive
to phase shifts, and our approach of summing orbital energy across a frequency
band permits for recovering energy dispersed from the exact frequencies associated
with orbital variations. This accords with ENOF giving lower central estimates of
precession amplitudes than spectral analysis in all but two depth-derived records
(Table 1.2).
Estimates of the amplitude of obliquity variability are less sensitive to age model
errors than precession on account of its longer period leading to smaller phase differences for a given perturbation in time (Figure 1.10). This difference in sensitivity makes it useful to consider the ratio of precession to obliquity variability in
records, but we find a surprisingly large difference in these ratios when transitioning from orbitally-tuned to depth-derived age models. Estimates of precessionto-obliquity amplitude ratios in depth-derived records average 50% lower than
for orbitally-tuned records if using ENOF and 58% lower if using spectral analysis. Age errors relative to orbital variations having a standard deviation between 2
and 5 ky are only expected to decrease the precession amplitude by an average of
<1% to 28% (Figure 1.10); age errors having a standard deviation of 10 ky is required

for a >50% reduction in precession amplitude, but then a large decrease in the amplitude of obliquity is also anticipated. We speculate that orbital tuning accounts
for a portion of the otherwise larger-than-expected decrease in orbital energy. The
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first step of orbital tuning for records included in the LR04 stack involves mapping δ18 O variations onto a target curve representing simulated ice-volume from
a model forced with June 21 insolation at 65◦ N (Imbrie and Imbrie, 1980; Lisiecki
and Raymo, 2005), which primarily contains climatic precession variability. Tuning δ18 O records to a precession target using a dynamic time warping algorithm
similar to that involved in the LR04 alignment procedure has been shown to artificially increase estimates of the precession amplitude (Proistosescu et al., 2012). The
combination of depth-derived ages being untuned and their containing age errors
may account for estimates of precession amplitude being much smaller when using
depth-derived as opposed to orbitally-tuned ages.
A final consideration for differences in orbital amplitudes relates to variable sampling resolution across records. Coarsely sampling marine sediment records aliases
high-frequency variability into lower-frequency bands (Pisias and Mix, 1988). Moreover, sampling intervals above the Nyquist frequency may not suffice for fully resolving orbital variability because of uneven sampling, time uncertainty, and the
amplitude and frequency modulation present in obliquity and climatic precession.
Between 2 and 1 Ma, the sampling resolution in depth-derived records vary by more
than an order of magnitude, with L2H19 averaging 60 data points over a 21 ky precession cycle, and DSDP 607 averaging just 5.5 points. If L2H19 were sampled at a
resolution equal to that of the DSDP 607 record, a 16% lower precession amplitude
estimate would be expected from either ENOF or spectral analysis, compared to an
essentially unchanged estimate of the obliquity amplitude (Figure 1.12). Although
possibly only a coincidence, the DSDP 607 estimate of the amplitude of precession
using the orbitally-tuned age model is, in fact, 15% lower than for L2H19, where
both records are from the North Atlantic and obtained at similar water depths.
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1.7.2

Interpretation of orbital amplitudes and trends

Despite some evidence for the presence of precession in early Pleistocene glacial cycles (e.g. Lisiecki and Raymo, 2007), a long-standing view has persisted that precession variability in early Pleistocene benthic δ18 O is mostly negligible in amplitude
(Ruddiman et al., 1986), motivating explanations for obliquity-paced glacial cycles
(Huybers, 2006; Loutre et al., 2004; Raymo and Nisancioglu, 2003; Raymo et al.,
2006; Tabor et al., 2015). Our finding that early Pleistocene δ18 O records contain
significant precession variability nearly in phase with Northern Hemisphere summer intensity suggests that proposed mechanisms to continuously suppress precession may be less relevant to the early Pleistocene than previously believed.
One possibility is that, in accordance with classical Milankovitch theory, glaciation is controlled by Northern Hemisphere summer insolation (Huybers, 2006;
Milanković, 1941). In such a model, the observed gradual increase in precession
amplitude (Figure 1.2) is explained on the basis of a southward extension of the
ice sheet ablation margin induced by global cooling, making variations in ice volume more sensitive to precession. An alternative interpretation, consistent with the
proposal of Murphy (1869), is that the early Pleistocene represents a transitional
period in which the net precession contribution to global ice volume shifts from
Southern to Northern Hemisphere dominance. Such a model also holds global
cooling responsible for the increase in precession amplitude, but instead implies
that anti-phased precession-forced ice volume fluctuations between hemispheres,
which would cause cancelation of the δ18 O precession signal (Raymo et al., 2006),
became increasingly imbalanced from Northern Hemisphere ice sheets growing in
size, and possibly, Antarctica becoming more stable.
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Neither model excludes the possible importance of other factors. For example, erosion of regolith by an ice sheet (Clark and Pollard, 1998) could contribute
to thicker ice sheets whose ablation zones are relatively further south and, therefore, exposed to greater precession variability in local insolation. Past efforts to
model the ice sheet response to real or idealized orbital forcing have yielded ice volume fluctuations ranging from precession-dominant (e.g. Nisancioglu, 2004) to
obliquity-dominant (e.g. Berger et al., 1999). The variety in these results as well as
the possible importance of mechanisms not included in the EBM suggests a need
for further empirical analyses and simulation to better determine the characteristics
of early-Pleistocene glacial variability and its causes.
Two further important questions have not been explored here. First, the origin of glacial cycle asymmetry, which has been identified throughout the full Pleistocene (Ashkenazy and Tziperman, 2004; Lisiecki and Raymo, 2007), remains uncertain, and further exploration of the connections between precession forcing,
asymmetry, and age model accuracy would be useful. Second, it has been suggested
that both the phase and amplitude of Pleistocene 100-ky variability are sensitive to
precession (e.g. Imbrie et al., 1993). Lisiecki (2010) proposed that strong precession
forcing disrupts 100-ky variability in δ18 O over the past 5 Ma, but raised the question of “how precession modulation could suppress 100-kyr glacial cycles during
the early Pleistocene ‘41-kyr world’ when the 23-kyr power of δ18 O is negligible”.
Caballero-Gill et al. (2019) suggested that 100-ky glaciations also occurred during
the Pliocene, and proposed that a nonlinear response to precession is responsible.
Our finding of significant early-Pleistocene precession variability suggests that further investigation into the links between orbital eccentricity, precession forcing, and
quasi-100-ky climate variability is needed.
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A revised description of the early Pleistocene as featuring significant and gradually increasing precession amplitude in phase with Northern Hemisphere summer
intensity recasts the time period as supporting, rather than contradicting, the long
tradition of models that invoke changes in summer insolation as controlling global
ice volume fluctuations (Hays et al., 1976; Imbrie and Imbrie, 1980; Milanković,
1941; Murphy, 1869; Raymo et al., 2006). Whether the early Pleistocene accords
more readily with the model of Milankovitch or that of Murphy remains to be
seen.

1.8 Appendix
1.8.1 Depth-age relationships
Orbitally-tuned chronologies are developed by matching to LR04. The LR04 age
model is constructed by alignment of the LR04 stack with the ice-volume model
of Imbrie and Imbrie (1980), where ice-model parameters are adjusted over time to
give an increasingly asymmetric target and longer response time owing to larger ice
sheets. Tuning is achieved first by maximizing the correlation between the stack and
ice model, then further adjusting the timescale to be in phase with the ice model’s
obliquity component. The re-tuning to obliquity allows the precession phase to
vary between glacial cycles. The depth-derived approach uses the orbitally-independent
age model of Huybers (2007), referred to as H07. H07 is constructed by graphic
correlation of 14 benthic and planktic records, and alignment of synchronous geomagnetic and isotopic events across records, between which age is linearly interpolated with depth after correcting for downcore compaction.
L2H19’s orbitally-tuned chronology is based on alignment to the LR04 stack
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by identification of isotopic events occurring both in LR04 and L2H19, with an
assumption of linear sedimentation rates between them (Bolton et al., 2010; Channell et al., 2016; Hodell and Channell, 2016). The age model is supplemented by
correlation of sediment lightness to ODP Site 609 between the present and 76 ka
(Obrochta et al., 2014), and to the NGRIP record between 76 and 110.5 ka (Hodell
and Channell, 2016).
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Figure 1.5: Pleistocene δ18 O records and age models for L2H19. (a) The orbitally-tuned L2H19
benthic δ18 O record comprising data from IODP Sites U1313 (red) and U1308 (black). (b) L2H19
(black) after alignment to a depth-derived timescale for DSDP 607 (red), where black markers are
age control point used for calibration. The orbitally-tuned L2H19 is also shown (gray) for comparison. Records in panel (b) are de-trended to enable direct comparison, and select Marine Isotope
Stages are labeled in both panels.

To convert L2H19 to a depth-derived timescale, it is aligned with the benthic
δ18 O record of Site 607 on the H07 age model.

Site 607 is chosen because it is clos-

est geographically to the records comprising L2H19, being drilled at the same location as U1313 in the North Atlantic, and is therefore likely to have the most simi-
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lar glacial cycles. Note, however, that the H07 age model for Site 607 is based on a
global calibration with other records in the H07 stack. Isotopic event ages used in
calibrating H07 are adopted as age control points (ACPs) for L2H19, with a total of
48 events identified between 2 and 1 Ma. The ACPs of L2H19 and Site 607 were
aligned by assigning to L2H19’s ACPs the ages of Site 607’s ACPs, then linearly
interpolating age with depth between these points. Note that the depth-derived
timescale ends at 2 Ma, because too few independent δ18 O records exist beyond 2
Ma to adequately constrain age-depth relationships without orbital assumptions.
The five other individual records included in this study are also evaluated on both
orbitally-tuned and depth-derived age scales, following the age models of LR04 and
H07, respectively. They are used here as published in Lisiecki and Raymo (2005)
and Huybers (2007).

1.8.2 Spectral estimates
All power spectra are computed with Thomson’s multi-taper method (Percival and
Walden, 1993) using three tapers. The noise floor for the power spectrum is computed by a least-squares fit of a power-law,
y = Afq ,

(1.2)

to the power spectrum, where the parameters A and q are chosen to minimize the
sum of squared residuals between y and the power spectrum. Frequencies below
1/150 ky−1 , between 1/41 ± 1/125, between 1/21 ± 1/125, and above 1/5 ky−1 are excluded from the fit. If the net variance in a band is negative with respect to the estimated noise floor, the amplitude is assigned a value of zero. The noise floor is
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approximately white in the rate-of-change of δ18 O (Figure 1.1). Across all records
on both the orbitally-tuned and depth-derived age models and both time intervals evaluated (3-2 Ma and 2-1 Ma), A averages 0.02±0.02 and q averages -0.01±0.2,
where the interval represents one standard deviation.
The 95% confidence interval for power spectral density is estimated from the approximate χ2 distribution of the spectral estimator (Percival and Walden, 1993).
The interval is given by

[

νS(f)
νS(f)
Q ν (p ) , Q ν (1 − p )

]

, where S is the estimate at frequency f, ν is

the equivalent degrees of freedom, and Qν (p) and Qν (1 − p) are the p = 0.025 and
1 − p = 0.975 percentage points on the χ2ν distribution with ν degrees of freedom.

For an estimate at a given frequency, ν is approximately equal to 2K where K is the
number of tapers used in the multi-taper analysis. The overall orbital amplitude estimate has more degrees of freedom, however, because it is obtained by summing
energy across several spectral estimates in an orbital band. There are Bf /BW independent spectral estimates in an orbital band, where Bf = 2/125 ky−1 is the width of
an orbital band and BW is the spectral bandwidth, which represents the frequency
range across which spectral estimates decorrelate. An orbital amplitude estimate
therefore has approximately

2KBf
BW

degrees of freedom.

Several aspects of the confidence interval for spectral estimates are uncertain.
A simple power-law representation of the noise floor (equation 1.2) is assumed,
and its coefficients are influenced by the choice of frequency range over which it
is fit, here 1/150 to 1/5 ky−1 . The variance of the spectral estimator is not perfectly
χ2 -distributed when deterministic variance is partially responsible for the spec-

tral peak, as the χ2 approximation is most accurate for a random process (Percival
and Walden, 1993). To check the applicability of the approximate confidence intervals for the purposes of this study, we compute the fraction of synthetic tests for

42

which the true precession amplitude lies within the confidence interval. For tests
with SNR=0 (pure noise), 0.075, 0.25, 0.5, 1, and 2, the estimated confidence interval contains the true amplitude in 93.8%, 97.3%, 98.5%, 99.7%, 99.99% and 100%
of tests after bias correction, implying the coverage is approximately correct for
noisy signals and slightly conservative for less noisy signals. The average approximate SNR of 0.20 in observations implies that the coverage interval is expected
to be generally appropriate and in some cases slightly conservative. Note that for
SNR<1, the confidence interval is less conservative than for ENOF, suggesting that
the relative uncertainty of spectral analysis is not being overstated in our comparison of methods.
An alternative method for estimating uncertainties is to evaluate the significance
of orbital-band spectral energy relative to the expected distribution of the null hypothesis of no orbital energy. In this approach, an approximate χ2 confidence interval is constructed for the position of the noise floor, and an orbital amplitude
estimate is considered significant if the integrated energy between the power spectral density and the 95% level for the noise floor in an orbital band exceeds zero.
We elect not to use this approach because it does not provide an estimate of the
uncertainty range associated with the orbital amplitude estimate, only providing
a measure of the estimate’s statistical significance. It is nonetheless useful to verify
that the use of the alternative method wouldn’t lead us to different conclusions.
Repeating the analysis with this method gives no significant precession amplitude
estimates among orbitally-tuned records between 3 and 2 Ma, four significant estimates for tuned records between 2 and 1 Ma, and one significant estimate for depthderived records between 2 and 1 Ma, similar to the zero, five, and two significant
estimates, respectively, from the method we use. The slightly more conservative re-
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sults in the alternative method arises from the fact that the χ2 distribution is asymmetric, so that the difference between its 2.5th and 50th percentile is less than between its 50th and 97.5th percentile. Because confidence is assessed on the basis of
an upper confidence level for the noise floor in the alternative method and a lower
confidence level for the power spectrum in the method we use, the latter will tend
to indicate significance more often. In our case, results from both methods are similar because the 24 degrees of freedom used makes the resulting χ2 distribution close
to symmetric.

1.8.3

Empirical Nonlinear Orbital Fitting (ENOF) algorithm

The parameter search for Ap , Ao , Δtp and Δtp is undertaken using a Matlab routine,
“lsqcurvefit”, which uses a trust-region algorithm for optimization. The trustregion method is preferred over a Levenberg-Marquardt method because it allows
us to place bound constraints on the parameter values. Δto and Δtp are capped at
±10 ky to avoid overfitting by an arbitrary phase assignment. Initial estimates are

set at 0 for all parameters.
Being a gradient-descent method, the trust-region algorithm is not a global search
of all possible parameter combinations so does not theoretically guarantee a global
minimum. Such an exhaustive search is computationally prohibitive. Nonetheless,
it is useful to check that the parameter space is likely smooth and without multiple
local minima that could cause a gradient-descent method to converge to the wrong
values. A “brute force” parameter search on a select 50 ky window reveals a smooth,
elliptical parameter space with respect to the residuals, and converges toward the
parameter values selected by nonlinear least squares (Figure 1.6).
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Figure 1.6: Comparison of nonlinear least-squares estimates to an exhaustive parameter search.
(a) Estimates for Ap and Ao , where Δtp and Δto are at the values estimated by nonlinear leastsquares. The white star represents the nonlinear least-squares estimate of the best-fitting combination of parameters, and the contours represent the the sum of squared residuals computed
by the brute force search. The fit is estimated over a 50ky period starting at 1.8 Ma in L2H19’s
smoothed rate-of-change. (b) Same as (a), but for estimates of Δto and Δtp , where Ap and Ao are at
the values estimated by nonlinear least-squares.

Parameter uncertainties and confidence intervals
The 95% confidence intervals for Ap and Ao are estimated using the Matlab routine
“nlparci”. They are approximated from a linearization of the nonlinear regression
problem under an assumption that the estimator is asymptotically normally distributed. The approximate confidence interval is given by θ̂CI = θ̂ ± SE Tinv (1 −
α/2, n − p), where θ̂ is the vector of nonlinear regression parameter estimates. SE

is the estimated standard error, and Tinv the Student’s T inverse cumulative distribution that is evaluated at a confidence level α with degrees of freedom equal to
the number of observations,
n, minus the number of model parameters, p. Here,
√
SE (θ̂i ) = s∥r i ∥, where s =

SSR(θ̂)
n −p

. SSR is the sum of squared residuals, and r i is

the ith row of the matrix R −1 , which originates from a QR-factorization of the Jacobian matrix, J = QR (see Bates and Watts, 1988). To prevent negative amplitudes,
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confidence intervals are truncated below zero.
It is useful to verify the coverage of ENOF’s approximate 95% confidence intervals, specifically that they are not likely to underestimate the uncertainty. A measure of validity is the fraction of the synthetic tests for which the true orbital amplitude falls within the range of the estimate’s confidence interval. For synthetic
time-series featuring orbital variance with SNR= 0 (pure noise), 0.075, 0.25, 0.5, 1,
and 2, the 95% confidence interval for the precession amplitude contains the correct
amplitude in 94.5%, 97.3%, 98.9%, 99.4%, 99.5%, and 99.6% of tests, suggesting that
the confidence intervals are conservative.

Sensitivity to choice of window length and shift
It is important to verify that our results are not qualitatively sensitive to the choice
of window τ, the fitting window length, and k, the distance between each overlapping windowed fit. Orbital amplitudes are estimated for L2H19 between 3 and 1 Ma
when ENOF is run with different combinations of values of τ and k, respectively
ranging from 50 to 100 ky and 1 to 6 ky. Using a larger value of τ tends to slightly
reduce both the precession and obliquity estimates as the algorithm has less flexibility to fit against observations when attempting to fit a single amplitude value over
a wider range. Changing τ from 50 ky to 100 ky reduces the precession amplitude
estimate from 23.5 meg−1 ky−1 to 19.7 meg−1 ky−1 , and the obliquity estimate from
37.0 meg−1 ky−1 to 34.0 meg−1 ky−1 . Alternative values of τ ranging from 60 to 90
ky give proportional reductions in amplitude estimates relative to τ = 50ky. Results
are mostly insensitive to changes in k, with both precession and obliquity estimates
changing by 0.1 meg−1 ky−1 or less for values of k ranging from 1 to 6 ky.
We also repeat the eccentricity-independent test for precession, described in sec-
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tion 1.5.1, with different combinations of values of τ and k. Wider windows produce
a slightly higher correlation with eccentricity because they produce smoother variations. Using τ =50, 60, 70, 80, 90, and 100 ky results in correlations of Ap with
eccentricity of 0.46, 0.47, 0.49, 0.50, 0.54, and 0.55. Results are mostly insensitive
to the choice of k, and repeating the tests with values of k ranging from 1 to 6 ky for
each value of τ yields a change of 0.01 or less in the correlation of Ap with eccentricity. We repeated the 104 phase-randomized trials described in section 1.5.1 for
τ = 100ky, which give a 99% significance level of 0.51, compared to a correlation of

0.55 in L2H19, indicating that the significance of the eccentricity-independent test
for precession is likely not sensitive to reasonable to choices of τ or k.

Additional figures

Figure 1.7: Trends in orbital forcing in dδ18 O/dt owing to precession and obliquity over the Pleistocene and late Pliocene, using data from L2H19. (a) Envelope of the precession contribution from
3 to 0 Ma (red line) and orbital eccentricity (black line).(b) same as (a), but for obliquity, and where
the black line represents the envelope of obliquity. Envelopes are calculated as the magnitude of
the Hilbert transform of the ENOF-estimated precession and obliquity contributions, and for the
calculated values of obliquity. Shaded areas represent the 95% confidence intervals, and black
trend-lines indicate a linear least-squares fit.
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1.8.4 Sensitivity tests for ENOF and spectral analysis
To quantify the sensitivity of orbital amplitude estimates from both ENOF and
spectral analysis to (i) the presence of background noise, (ii) the presence of age error, and (iii) differences in sampling resolution, we apply both methods to a common set of synthetic time-series with properties expected to be similar to Pleistocene δ18 O records.

Sensitivity to noise
Noise introduces bias in both spectral and ENOF estimates. To quantify this bias,
we study estimates from both methods when applied to synthetic data. Two competing scenarios are considered in which estimates for a pure noise signal are compared with estimates for synthetic time-series featuring orbital forcing. We adopt a
null hypothesis, H0 , that orbital variability is absent, and estimate H0 ’s distribution
with a Monte Carlo approach, applying both methods to 2.5 × 104 realizations of
noise. Red noise is initially formed following a power law of 2 with a decorrelation
frequency of 1/150 ky−1 , then differenced to produce a mostly white continuum
consistent with observations, as evident in Figure 1.1. To form probability distributions associated with the alternate hypothesis that orbital variability is present, we
evaluate 2.5 × 104 synthetic time-series spanning 2 to 1 Ma featuring climatic precession and obliquity in an average amplitude ratio of 0.55, which is close to the estimated precession-to-obliquity amplitude ratio in orbitally-tuned records between
2 and 1 Ma. Noise with the same properties as in H0 is then added to the synthetic
signal. Six cases, denoted H1 to H6 , or H1−6 , are considered, for signal-to-noise ratios of 0.075, 0.25, 0.5, 1, 2, and with no noise. Signal-to-noise ratio is defined here as
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the variance ratio of the orbital and noise components. The variance of the realized
time series, comprising both signal and noise, is fixed such that each distribution
features different orbital amplitudes which approach zero as the signal-to-noise ratio approaches zero.
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Figure 1.8: ENOF estimates for obliquity and precession amplitudes in tests on synthetic timeseries with different signal-to-noise ratios. (a) Estimates for precession, taken as the square root
of the variance of the first term in equation 1.1, before correcting for noise-induced bias, where
each distribution represents 2.5 × 104 realizations. (b) Same as (a), but for the obliquity estimates,
taken as the square root of the variance of the second term in equation 1.1. (c) Same as (a), but
after applying the bias correction. (d) Same as (b), but after applying the bias correction.

In the absence of noise, H6 , all estimates in both methods give the true amplitude. In H1−5 the median ENOF estimate exceeds the true precession amplitude
by 70%, 28%, 15%, 7%, and 3%, and obliquity by 29%, 10%, 5%, 3%, and 1% (Figure
1.8a,b). Spectral estimates give similar biases if the noise floor is not accounted for,
with the median estimate exceeding the true precession amplitude by 82%, 29%,
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Figure 1.9: Spectral estimates of obliquity and precession amplitudes in synthetic tests on timeseries with different signal-to-noise ratios. (a) Estimates for precession, as described in section
1.3.1, before correcting for noise-induced bias, where each distribution represents 2.5 × 104 realizations. (b) Same as (a), but for the obliquity estimates. (c) Same as (a), but after applying the bias
correction. (d) Same as (b), but after applying the bias correction.

15%, 8%, and 4% and obliquity by 29%, 9%, 5%, 2%, and 1% (Figure 1.9a,b). These
biases are corrected before evaluating H1−6 against H0 .
The bias associated with ENOF is a function of the amplitude of noise relative
to the orbital signal. Determining the correction requires an estimate of the noise
fraction of the total amplitude, which is estimated by fitting the background continuum of the power spectrum as done for spectral estimates, then computing the
area below the noise level as a fraction of the total area under the power spectrum
and taking the square root of this value. A correction amplitude is determined by
linearly interpolating the noise fraction with the mean bias from synthetic tests.
In spectral analysis, estimates are bias-corrected by subtracting the noise floor
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from the power spectral density estimate. If the variance estimate is negative, an
amplitude of zero is assigned to avoid obtaining a complex amplitude estimate
when taking the square root of the variance. This, and the distortion introduced
by taking the square root of values close to zero, account for the shape of H0 and the
upticks at zero in H0 and H1 in Figures 1.9c and 1.9d. This distortion does not occur
in ENOF estimates because the bias correction is applied after variance is converted
to amplitude.

Sensitivity to age error
The introduction of age model error, which disperses orbital energy to nearby frequencies, is expected to cause underestimation bias in both methods. ENOF allows
for variable time offsets from orbital variations, but typically cannot fit age error
that exceeds the bounds on Δto and Δtp , though it may recover some amplitude if
the age model is incorrect by close to a full orbital cycle. The default bounds of ±10
ky allow ENOF to fit almost any precession phase, but only covers half of an obliquity cycle.
104 synthetic time-series are generated, with age error, Δt, introduced.

Back-

ground noise is added with the same properties as described in section 1.8.4, and
scaled so that time-series have a signal-to-noise ratio of 0.5. Variability in the sedimentation rate, s(t), is first modeled as a random walk, i.e., sn+1 = sn + ηn where ηn is
drawn from a Gaussian distribution (Huybers and Wunsch, 2004), then integrated
to give variations in depth with age. Synthetic time-series span 2 to 1 Ma and, following Huybers and Wunsch (2004), age error is modeled as following a ‘Brownian
bridge’, tapering to zero at each endpoint to simulate the increasing amplitude of
age error with time away from age-control points. Five cases, S0−4 , are considered.
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S0 , having no age error, is identical to H3 in the synthetic tests for the effect of noise.

In S1−4 , ηn is scaled such that age model error has a standard deviation of 0, 2, 4, 5,
and 10 ky.
There is little to no attenuation in obliquity amplitude estimates for either ENOF
or spectral analysis in S1−3 . The average ENOF obliquity amplitude estimates for
S1−3 are within 1%, 1%, and 2.2% of that for S0 .

For spectral analysis, the average

obliquity attenuation relative to S0 is less than 1% for S1−3 . The ENOF obliquity
estimate is dramatically reduced in S4 , however, because a standard deviation of
10ky implies age variations of ∼ ±20 ky, double the range over which Δto and Δtp are
allowed to vary.
ENOF estimates of precession amplitude are generally more sensitive to age error
than spectral estimates. Mean estimates for S1−3 are 1%, 15%, and 25% less than for
spectral estimates. A regression of spectral estimates of precession amplitude against
ENOF estimates in depth-derived records produces a slope of 1.07 ± 0.35, where
the range indicates the 95% confidence interval, and is consistent with the relationship predicted by S3 , which gives a slope of 1.33 (Figure 1.11). Note that the age error
in S3 is lower than was independently estimated for the depth-derived age model
(Huybers, 2007), but that such smaller age errors are also implied by the difference
between this age model and orbitally-tuned records as well as the amplitude of the
obliquity signal in depth-derived records.
Estimates of orbital amplitudes are not bias-corrected toward higher values to
account for age model error, but are bias corrected toward lower values to account
for the presence of noise. The overall result is therefore a conservative estimate of
orbital amplitude, particularly for precession on account of its being more sensitive
to age errors. Although in principle it would be possible to correct estimates for age
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Figure 1.10: ENOF and spectral estimates of orbital amplitudes in synthetic time-series disrupted
with age error. a ENOF precession amplitude estimate with age-error standard deviation ranging
from 0 ky (dashed black line), to 10 ky (dotted blue line). Each distribution represents 104 realizations, and the vertical black line represents the true amplitude. b Same as (a), but for obliquity.
c Same as (a), but where amplitudes are estimated using spectral analysis. d Same as (c), but for
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error, such a correction would inevitably be quite uncertain, and we prefer to make
a more conservative test of whether orbital variability is present.

Sensitivity to sampling interval
To test the sensitivity of orbital amplitude estimates from both methods to sampling resolution, L2H19 is resampled between 2 and 1 Ma in the depth domain at
resolutions ranging from 0.25 ky to 10 ky, then placed on U1308’s tuned age model.
Sampling resolution in time is determined using Site U1308’s average sedimentation rate of 8 cm ky−1 (Hodell and Channell, 2016). ENOF and spectral analysis are
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Figure 1.11: Expected and observed relationship between ENOF and spectral estimates of orbital
amplitudes in the presence of age model error. (a) Regression of spectral estimates of precession
amplitude against ENOF estimates in 104 tests on synthetic time-series with SNR=0.5 and with
age error having a standard deviation of 5 ky (thick gray line). For comparison, also shown are the
ENOF and spectral estimates of precession amplitude in δ18 O records listed in Table 1.1 on the
depth-derived timescale between 2 and 1 Ma (markers) and their 95% confidence intervals (thin
gray bars), as well as the 95% confidence interval for a linear least-squares fit through the markers
(dashed lines). Regressions shown here are forced to have zero intercepts. (b) same as (a), but for
obliquity.

repeated for each resampled version of the time series. A clear attenuation of the estimated precession amplitude is observed as the sampling interval increases (Figure
1.12). Precession amplitude estimates are more sensitive to coarsening of sampling
resolution than obliquity on account of its shorter period and its being more heavily amplitude- and frequency- modulated. Thus, coarsening leads to a deterioration of the estimated precession-to-obliquity amplitude ratio (Figure 1.12 b,d). Both
methods are similarly sensitive to this problem, with ENOF and spectral analysis
respectively giving reductions of 14% and 13% in the ratio when resampling L2H19
at the resolution of DSDP 607.

1.8.5 Ice sheet and energy balance model parameters
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Figure 1.12: Effect of coarse sampling on the estimation of orbital amplitudes in benthic δ18 O
records. (a) Spectral estimates of precession (red) and obliquity (blue) amplitudes and their 95%
confidence intervals (red and blue shading) in dδ18 O/dt between 2 and 1 Ma, using L2H19 on the
orbitally-tuned timescale, when L2H19 is resampled in the depth domain at different resolutions.
Also indicated are the mean sampling resolution of the records listed in Table 1.1 over 2-1 Ma (vertical dashed lines). (b) The precession-to-obliquity amplitude ratio (black) and its 95% confidence
interval (gray shading). (c) Same as (a), but using ENOF amplitude estimates. (d) Same as (b), but
using ENOF amplitude estimates.
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Symbol
ρi
ρw
ρm
ρa
ki
k
g
σ
Cd
Lv
Lm
Ls
a
K
Cp
Cair
Css
Cs
Ca
Ks
Hm
Htm
αl
αi
A
R
T
εa
P
Γm

Value
900
1000
3300
1.5
4
0.03
9.8
5.67 ×10−8
0.011
2.5 ×106
3.34 ×105
2.84 ×106
6.37 ×106
273.15
2100
1.5
10 ρi Cp
5 ρ i Cp
5000 ρa Cair
5
5200
2000
0.3
0.8
0.2
0.3
0.5
0.85
1
6.35

Unit
kg m−3
kg m−3
kg m−3
kg m−3
J m− 1 K s
m2 /kg−1
ms−2
W m− 2 K − 4
J kg−1
J kg−1
J kg−1
m
K
J kg −1 K−1
J kg −1 K−1
J m−2 K−1
J m−2 K−1
J m−2 K−1
J/K
m
m
m/a
K/km

Parameter
Density of ice
Density of water
Density of mantle
Density of air
Thermal conductivity of ice
Mass absorption coefficient, water
Gravitational acceleration
Stefan Boltzmann constant
Drag coefficient
Latent heat of vaporization
Latent heat of melting
Latent heat of sublimation
Radius of earth
Melting temperature of water
Specific heat capacity, water
Specific heat capacity, air
Heat capacity of subsurface layer
Heat capacity of surface
Heat capacity of atmosphere
Sensible heat flux coefficient
Starting thickness of lower atmospheric layer
Thickness of upper atmospheric layer
Land albedo
Ice albedo
Atmosphere absorption
Atmosphere reflection
Atmosphere transmission
Longwave emissivity
Precipitation rate
Moist adiabatic lapse rate

Table 1.3: Energy balance constants and parameters for the model described in section 1.6.
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Symbol
n
m
Aice
Tb
Heq
ρs
ρb
uo
hs
Do
φsed

Value
3
1.25
7.71×10−29
5000
0
2390
3370
3 ×109
10
2.5 ×10−14
22

Unit
Pa−3 s−1
years
kg m−3
kg m−3
Pa · s
m
s− 1
degrees

Parameter
Glen’s law exponent
Stress-strain law exponent
Ice deformability
Bed depression time
Equilibrium surface height
Bulk sediment density
Bedrock density
Reference sediment viscosity
Thickness of sediment layer
Reference deformation rate
Angle of internal friction

Table 1.4: Ice sheet and sediment layer parameters for the model described in section 1.6.

Sensitivity tests
Ten model simulations spanning 3 to 1 Ma with no background trend in the climate, but different mean climate states, were conducted to test the effect of the
background state on the partitioning of orbital energy in simulated ice volume.
Atmospheric radiation emission levels range from 6.5 km to 7.2 km. Three of the
simulations are displayed in Figure 1.13, and demonstrate a stronger expression of
precession when the mean temperature is cooler and the ice sheet terminus lies further south.
Note that other mechanisms not accounted for in the EBM may also influence an
ice sheet’s response to orbital forcing. For example, a more robust treatment of the
temperature dependence of precipitation, which the EBM treats as constant, may
influence the net mass balance. Some subglacial mechanisms, such as basal melting,
are also neglected, as is the possible role of a partial marine margin and associated
ice mass loss by calving.
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Figure 1.13: Model ice volume between 3 and 1 Ma under varying background conditions. (a) Simulated ice volume when a constant emission level of 7.20 km is used, with other parameters as
listed in Table 1.4. Bold numbers represent the latitude of the southernmost extent of the ice sheet
terminus. (b-c) Same as (a), but for emission levels of 6.81 km and 6.50 km. (d-f) Power spectral
density for the simulated ice volume curves in panels (a)-(c), normalized by the power at 1/41 ky−1 ,
with dashed lines indicating the 1/41, 1/23, and 1/19 ky−1 frequencies.
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2
External origins of Pleistocene ∼100 ky glacial cycles
This chapter is reproduced from Liautaud and Huybers (2021).

Abstract
It is now established that variations in Earth’s orbital configuration pace ∼100 ky
glacial cycles in the late Pleistocene. It remains unclear, however, whether these
glacial cycles are caused by orbital variations or if they instead arise from processes
internal to the climate system. We use a recently developed matched-filtering technique to quantify the amplitudes of orbital and ∼100-ky-period variations in δ18 O
since Northern Hemisphere glaciation intensified at 2.8 Ma and identify four distinct epochs with significant ∼100 ky variability. These ∼100 ky epochs occur when
variations in Northern Hemisphere summer insolation have large amplitude (P <
0.05), a relationship that is illustrated using a simple model of glaciation.

Our re-

sults show that ∼100 ky glacial cycles are driven externally and that the mid-Pleistocene
transition represents only the most recent of multiple orbitally-induced transitions
into ∼100 ky epochs.
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2.1

Introduction

Hays et al. (1976) convincingly demonstrated the presence of climate variability at
∼20 ky, ∼40 ky, and ∼100 ky periods during the late Pleistocene epoch. The vari-

ations at 20- and 40-ky periods are readily explained by major ice sheets growing
and retreating in response to changes in Northern Hemisphere summer insolation
as controlled, respectively, by climatic precession and obliquity (Milanković, 1941).
The origin of the ∼100 ky glacial cycle is more mysterious because the only appreciable orbital variations that influence insolation at this period, arising in eccentricity, have only a small direct effect on insolation.
Despite the lack of an obvious generating mechanism, a robust phase relationship has been established between the ∼100 ky cycles and orbital variations. Deglaciations usually occur when obliquity and climatic precession variations align such
that Northern Hemisphere summer insolation is unusually strong (Bajo et al.,
2020; Huybers, 2011; Tzedakis et al., 2017), in accord with longstanding theory (Milanković, 1941). But even if orbital variations have been shown to pace glacial cycles, the origin of ∼100 ky glacial variations is unclear. Internally-generated ∼100
ky glacial cycles could readily phase-lock to an external signal even if that signal
does not directly excite the oscillations in question (Crucifix, 2013; Tziperman et al.,
2006).
According to one perspective, ∼100 ky climate cycles are caused by orbital variations and would not, for example, arise were the orbital configuration fixed. A nonlinear response to eccentricity-modulated precession is commonly posited as being
responsible (Calder, 1974; Crowley et al., 1992), though certain models also invoke
a partial role for obliquity (Imbrie and Imbrie, 1980). Processes involving ice sheet
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dynamics (Abe-Ouchi et al., 2013; Imbrie et al., 1993; Pollard, 1978), delayed isostatic
rebound (Abe-Ouchi et al., 2013; Pollard, 1982), and the carbon cycle (Willeit et al.,
2019) are proposed to produce a strong nonlinear response to orbitally-induced climate perturbations that yield variations at roughly 100 ky periods in phase with the
eccentricity modulation of climatic precession.
An alternative interpretation is that ∼100 ky glacial cycles arise from internal climate system dynamics independent of orbital variations. Models positing an internal origin have relied upon similar mechanisms as those proposed in the externallydriven case, including possible contributions from CO2 (Saltzman and Sutera, 1987;
Saltzman et al., 1982), sea ice (Gildor and Tziperman, 2000), ice-sheet dust loading
(Peltier and Marshall, 1995), calving into proglacial lakes (Clark and Pollard, 1998;
Pollard, 1983b), and delayed isostatic rebound (Källén et al., 1979; Oerlemans, 1980,
1982), among others. In this case, however, these mechanisms are proposed to internally generate climate oscillations near ∼100 ky periods that synchronize with
orbital variations.
A major obstacle to determining the origin of the late-Pleistocene glacial cycles
is that they represent only one realization of ∼100 ky climate variability. Multiple
samples are needed to statistically distinguish models, making it important to consider the conditions under which ∼100 ky cycles have arisen in earlier parts of the
geologic record. Important in this regard is that observational studies have identified intermittent episodes of statistically-significant ∼100 ky cycles in the early
Pleistocene and Pliocene (Caballero-Gill et al., 2019; Clemens and Tiedemann,
1997; Lisiecki, 2010). A notable study demonstrated that the amplitude of variations at ∼100 ky periods in δ18 O is anti-correlated with the amplitude of ∼100 ky
cycles in eccentricity over the past 5 My (Lisiecki, 2010), a result supported by find-

61

ings in other analyses (Imbrie et al., 2011; Meyers and Hinnov, 2010). Those results
(Lisiecki, 2010) suggest an internal origin for ∼100 ky cycles and imply a complex
relationship between orbital forcing and the climate whereby certain orbital variations suppress glacial cycles and others pace them.
In this study we revisit the statistical relationship between orbital variations and
∼100 ky glacial variability subsequent to Northern Hemisphere glacial intensifica-

tion at 2.8 Ma. We first quantify ∼100 ky variations in high-resolution benthic δ18 O
records from the North Atlantic (Channell et al., 2016; Hodell and Channell, 2016;
Obrochta et al., 2014) using a recently-developed approach (Liautaud et al., 2020).
A simple model is then proposed to illustrate the relationship between the presence
of ∼100 ky cycles and the amplitude of orbital variations, and our results are reconciled with previous studies. We conclude by discussing the implications of our
results for the origin of ∼100 ky glacial variability.

2.2 Results
2.2.1

Identification of ∼100 ky variability in benthic δ18 O

Applying a matched-filtering technique that was recently developed (Liautaud
et al., 2020) to two North Atlantic δ18 O records that were spliced together (Bolton
et al., 2010; Hodell and Channell, 2016) demonstrates the presence of statistically
significant ∼100 ky variability in four distinct hundred-ky (HK) epochs: 2.8 to 2.5
Ma (HK4), 2.3 to 2.0 Ma (HK3), 1.4 to 0.9 Ma (HK2), and 0.8 to 0 Ma (HK1) (see
Figure 2.1). Similar HK epochs are identified in a multitude of other records. For
example, repeating the estimation on a composite record comprising an average of
globally-distributed δ18 O records Lisiecki and Raymo (2005) gives nearly identical
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∼100-ky amplitude, where the Pearson cross-correlation between the amplitude

time-series is r = 0.99. An equally strong correspondence arises (r = 0.99) if first
converting the composite record to an orbitally-independent age model (Lisiecki,
2010). Nor does the pattern depend on a North Atlantic origin, as repeating the estimation in two Equatorial Pacific records (Mix et al., 1995a; Shackleton et al., 1990)
gives ∼100-ky amplitude time-series having a compelling correspondence with that
in the high-resolution record of our main analysis (r = 0.97 and r = 0.99, respectively).
Furthermore, the timing of HK4 - HK1 broadly agree with identifications in
foregoing studies. Meyers and Hinnov (2010) highlighted a period of statisticallysignificant ∼100 ky variability at ∼2.7 Ma using an evolutive spectral analysis with
significance determined using an F-test (Meyers et al., 2001). Lisiecki (2010) used a
continuous wavelet transform to quantify ∼100 ky cycles in an average of globallydistributed benthic δ18 O records on an orbitally-independent age model, identifying statistically-significant ∼100 ky cycles between 0 and 0.75 Ma, 0.9 to 1.1 - 1.3 Ma
(depending on the bandwidth), 2.0 to 2.1 Ma, and 2.4 to 2.8 Ma, where significance
was evaluated relative to a red-noise background continuum. Imbrie et al. (2011)
identified similar intervals using a wavelet analysis but where they evaluated an
orbitally-tuned composite record (Lisiecki and Raymo, 2005). Caballero-Gill et al.
(2019) used a multi-taper power spectrum to identify statistically-significant spectral
energy at ∼100 ky periods in δ18 O records from the Southwest Pacific between 4.2
and 2.6 Ma, an interval that overlaps with the end of HK4, using an F-test against
an AR(1) noise model to estimate significance. Consistency of our results with foregoing studies that use different methods can be understood on the basis that orbital
fitting, power spectral density estimation, bandpass filtering, and wavelets are un-
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Figure 2.1: Obliquity, climatic-precession, and ∼100 ky variability in benthic δ18 O in the past 2.8
Ma. (a) A high-resolution North Atlantic δ18 O record, shown with its geomagnetic polarity reversal stratigraphy and with select Marine Isotope Stages labeled (Channell et al., 2016; Hodell and
Channell, 2016; Hodell et al., 2008). (b) Orbital fit (red) of precession, obliquity, and ∼100-ky variations to the rate-of-change of δ18 O (gray). dδ18 O/dt is displayed here after smoothing with a 10
ky moving mean and has units of meg−1 ky−1 . (c) Estimated amplitude (red) of climatic precession
(gray) in dδ18 O/dt. (d) Same as panel (c), but for obliquity. (e) Same as panel (c), but for the ∼100 ky
contribution. Four episodes of ∼100 ky glacial variability with amplitude exceeding a significance
threshold (black dashed line) are identified, spanning 2.8 to 2.5 Ma, 2.3 to 2.0 Ma, 1.4 to 0.9 Ma,
and 0.8 to 0 Ma.

derpinned by similar theory.
It should be noted that several studies evaluated records to 5 Ma (Lisiecki, 2010;
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Meyers and Hinnov, 2010), longer than our 2.8 My period of analysis. If using our
orbital fitting method to evaluate the composite record of Lisiecki and Raymo
(2005) over the entire 5 My period, we find no statistically-significant ∼100 ky amplitude prior to ∼3 Ma, in agreement with Lisiecki (2010) and Meyers and Hinnov
(2010). The Site 1125 record of Caballero-Gill et al. (2019) from the Pacific Ocean appears unique in its indicating substantial ∼100 ky variations in the middle Pliocene.
Estimated amplitudes of climatic precession and obliquity in δ18 O through the
Pleistocene closely follow the patterns detailed in a previous study (Liautaud et al.,
2020). Specifically, our matched-filtering technique indicates that the amplitude
of obliquity-driven variations (Figure 2.1d) remains roughly constant over time,
averaging 44.6 meg−1 ky−1 between 2.8 Ma and present, whereas that of climatic
precession (Figure 2.1c) steadily increases through the Pleistocene, averaging 19.3
meg−1 ky−1 prior to 1 Ma and 42.9 meg−1 ky−1 after 1 Ma. An overall average obliquityto-precession amplitude ratio of 1.61 is identified for the past 2.8 Ma. A distribution
for the average ratio is estimated by recomputing it 104 times using a block bootstrap with blocks having the same width as the orbital fitting window, and 95 percent of values in the resulting distribution lie between 1.16 and 2.51. This indicates
that obliquity, generally, makes a greater contribution to δ18 O than climatic precession during the Pleistocene, as has previously been noted (Hays et al., 1976; Huybers, 2007; Liautaud et al., 2020; Lisiecki and Raymo, 2007).

2.2.2

A test for the orbital origins of ∼100 ky cycles over the Pleistocene

A statistical test is designed to assess whether a relationship exists between orbital
variations and the appearance of ∼100 ky glacial cycles in δ18 O over the entire Pleis-
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tocene. Motivated by the existence of many dynamical systems that exhibit nonlinearities when strongly perturbed (Strogatz, 2015), we adopt a hypothesis that ∼100
ky glacial cycles arise during periods of large-amplitude orbital forcing and test it using a simple model. The insolation-forcing conditions under which ∼100 ky cycles
might arise are parameterized as following a weighted sum of climatic precession
and obliquity,
F = (1 − η)e sin(ϖ + φ) + ηε,

(2.1)

where e represents the orbital eccentricity, ϖ the longitude of the perihelion, ε obliquity, and η the sensitivity of ∼100 ky variations to obliquity relative to precession.
Both ε and e sin(ϖ + φ) are normalized to unit variance. Importantly, Equation 2.1
is distinct from the estimated contributions of insolation forcing to obliquity and
precession variability shown in Figure 2.1c,d and is, instead, meant to represent conditions under which a nonlinear climate response generates ∼100 ky variability in
δ18 O, if any.

∼100 ky glacial cycles are modeled as present when a moving median of the am-

plitude of F, denoted A, exceeds a threshold, τ,
B∗ =



 1 if A[F(η, φ)] > τ,

 0 otherwise.

(2.2)

The window used in A is the same width, 350 ky, as used for orbital fitting in δ18 O,
and the amplitude is defined as the magnitude of the Hilbert transform. A moving
median is used because it captures the binary nature of intermittency by indicating
whether or not a majority of points across a window exceeds τ, whereas a moving
mean is more sensitive to how those values are distributed.
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A statistic representing the fraction of time over which the insolation amplitude
correctly predicts whether or not ∼100 ky variability occurs is defined,
1 ∑
rF =
1 − 2|Bn − B∗n |,
N
N

(2.3)

n =1

where B and B∗ are the observed and predicted time-series for the presence, 1, or
absence, 0, of ∼100 ky variability. rF ranges from -1 to 1, respectively representing
100% inaccurate and 100% accurate prediction of the data points at which ∼100 ky
cycles are present.
A search is made for the highest value of rF across the full admissible range of
each parameter: η ranges from 0 to 1; τ over 0.5 to 1.25, the range of the amplitude
envelope of the forcing; and φ from -180◦ to 180◦ . The highest value of rF , 0.64, is
obtained when η = 0.60, τ = 0.85, and φ = −7◦ or, in words, when variations in
Northern Hemisphere summer intensity have particularly large amplitude. ∼100
ky cycles are predicted to appear from 2.8 to 2.1 Ma, 1.5 to 0.9 Ma, and 0.6 to 0 Ma,
with a single, persistent interval spanning HK4-3 (green bars in Figure 2.2a).
The optimized value of rF is evaluated against a null distribution comprising realizations of rF after re-optimizing the insolation threshold model against a dichotomous time-series of random, intermittent 100 ky epochs. The random process is
parameterized as random walk whose zero-crossings represent switching between
the presence and absence of ∼100 ky variability. The observed rF value of 0.64 is
found to be significant relative to a 95% confidence level, 0.62, exhibited in the null
distribution. These results demonstrate that ∼100 ky cycles appear when the combination of obliquity and climatic precession have large amplitude and imply that
∼100 ky cycles are externally driven.
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The implications of assuming different orbital contributions for inducing ∼100
ky cycles can be shown by recomputing rF for different values of η and τ. In these

Figure 2.2: Detection of ∼100 ky variability in δ18 O at times of large-amplitude orbital forcing. (a)
The insolation forcing curve (green) whose smooth amplitude (dashed black) most directly corresponds to the presence of ∼100 ky variability has strikingly similar relative contributions of
precession and obliquity as arises in the linear orbital response estimated in dδ18 O/dt (gray). The
linear component here is the sum of time-series in Figures 2.1c and d, but for visual convenience
we have removed its trend in amplitude by dividing by the linear increase in standard deviation between 2.8 and 0 Ma. Times when the amplitude of F exceeds a threshold (green shading and green
bars above the panel) have a statistically-significant correspondence to times when ∼100 ky cycles
are present in δ18 O (gray bars above the panel). (b) Optimal value of rF , 0.64 (black line), in relation
to values in the null distribution (shaded orange). rF is significant at the 5% level. (c) Values of rF
when specifying different values of τ and η in the insolation-switching model, and setting φ to -7◦ ,
its optimal value from panels a and b. Each grid-point is equivalent to the black line in panel b except in differing values of τ and η. Significant predictions of ∼100 ky cycles are achieved only when
the forcing predominantly comprises obliquity. The white marker indicates parameter combination from panels a and b.
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experiments, it is convenient to fix φ at its optimal value of −7◦ because the amplitude envelope is largely insensitive to the precession phase. Values of rF exceeding the 80th percentile of our null distribution, 0.50, are only obtained when η is
greater than ∼0.5 such that F predominantly comprises obliquity (Figure 2.2c).
A second notable feature is that the orbital configuration yielding the optimal
prediction of ∼100 ky glacial cycles independently aligns with the average linear
orbital response in dδ18 O/dt (Figure 2.2a). The optimal value of η, 0.6, implies an
obliquity-to-precession amplitude ratio averaging 1.50 (1.10 - 1.86) in F, where the
interval given indicates the range of orbital configurations for which an rF value exists that exceeds the 95th percentile of the null distribution (Figure 2.2c). This is
close to the obliquity-to-precession amplitude ratio of 1.61 (1.16-2.51) found in the
linear component of the observations (Figure 2.1c,d). The similarity in the linear
and nonlinear forcing curves indicates a connection between the mechanisms controlling the two and is consistent with ∼100 ky variability in δ18 O as a nonlinear
response to large forcing.

2.3

Discussion

2.3.1 Physical interpretation for externally-driven ∼100 ky cycles
To illustrate how episodic ∼100 ky variability could arise in response to strong orbital forcing, we modify a simple differential model for orbitally-forced ∼100 ky
glacial cycles previously proposed by Imbrie and Imbrie (1980). Variability in ice
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volume, V, in response to orbital forcing, F, is represented as,
dV
−(F(t) + V(t))
=
(1 + b ) + ν (t )
dt
T



 b = F(t) + V(t),

if F > τ, otherwise


 b = b0 .

(2.4)
The original model by Imbrie and Imbrie (1980) involves the first term on the left
hand side and switching between two timescales that average to the value of T. In
our modified version, a quadratic dependence on (F + V) is introduced when the
forcing, F, exceeds a threshold, τ, such that the rate of change of ice volume is more
sensitive to forcing and the build up of ice. b0 is a negative constant that controls
the pace of the linear response to forcing. Orbital forcing is specified according to
Equation 2.1 with the same parameters found to maximize rF in Equation 2.3.
To represent glacial intensification through the Pleistocene, we append a term
that produces a gradual increase in the tendency for ice-sheet growth, ν(t) = β exp(t−
t o ).

The parameterized trend toward greater glaciation produces a transition from

subtle and mostly symmetric low-frequency variations to more dominant and
asymmetric ∼100 ky cycles as the Pleistocene progresses.
After fitting parameters bo and τ to observations and specifying the exponential
trend to match the increase over time in amplitude of δ18 O, the model reproduces
the timing of every deglaciation between 1.5 and 0.5 Ma and all but two weakened
or skipped interglacials in that interval, as well as the skipped interglacial at 2.75 Ma.
Most importantly, the fitted model reproduces the four major HK intervals observed in δ18 O (Figure 2.3). Applying Equation 2.3 to dichotomized predictions of
the presence or absence of ∼100 ky cycles yields an rF value of 0.71. This is an improvement over the insolation-only threshold model (rF = 0.64) that arises because
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the physical model correctly predicts a break between HK4 and HK3 owing to an
extended interval of weak orbital forcing between ∼2.5 and ∼2.3 Ma.
Equation 2.4 demonstrates a simple dynamical structure by which the amplitude of Pleistocene orbital variations can set the timing of observed HK events.
The model also illustrates that a nonlinear response to consistent orbital forcing
can simultaneously account for the direct obliquity and climatic-precession signals
present in δ18 O and intermittently generate ∼ 100 ky variability. A shortcoming
of the model is that it produces relatively smaller-amplitude ∼100 ky variability in
HK1 than indicated in the observations (Figure 2.3d). This mismatch is related to
an overestimate of the linear obliquity and precession response, and may reflect
the model inadequately capturing processes such as CO2 feedbacks or thicker latePleistocene ice sheets being less sensitive to orbital forcing until they grow to a critical size (Chalk et al., 2017; Clark and Pollard, 1998; Clark et al., 1999). The model
also underestimates the extent of deglaciation at Stage 11, a common challenge in
models of Pleistocene glaciation (e.g. Willeit et al., 2019), as well as the extent of
glaciation in Stages 16 and 22.

2.3.2 Analysis of the anti-correlation between ∼100 ky power of
δ18 O and eccentricity

Previous proposals that eccentricity inversely modulates ∼100 ky amplitude in δ18 O
may be assessed by identifying the orbital conditions under which rF is the most
negative. We find, however, that rF never decreases below -0.37 regardless of the
values of η or τ (Figure 2.2c), giving little support for orbital inverse modulation of
∼100 ky glacial cycles.

An important reason why our test yields different results from that of Lisiecki
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Figure 2.3: Simple model of amplitude modulations and growth in ∼100 ky variability through the
Pleistocene. (a) Insolation forcing with η = 0.60, filled above the threshold for appearance of ∼100
ky cycles identified in δ18 O, τ = 0.85. (b) Ice-volume variations when no long-term trend is used
in the model of Equation 2.4. (c) Same as panel (b) except where the model is forced with a longterm growth in ice volume (red), and with δ18 O also shown (gray). Select Marine Isotope Stages are
labeled. (d) Estimated ∼100 ky component of dδ18 O/dt (black) as well as in dV/dt from the model
simulation in panel c (red).
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(2010), denoted L10 for convenience, is that L10 used a 600-ky averaging window,
as opposed to the 350-ky window used in this study. Applying the L10 test procedure using the 600-ky window, we obtain an anti-correlation of -0.62 between
∼100-ky power in eccentricity and ∼100-ky power in δ18 O, similar to values re-

ported in their study, and a Monte Carlo analysis of 100 ky epochs indicates that
this anti-correlation is statistically significant (P < 0.01) conditional on the window length. If the L10 procedure is repeated using a 350-ky window, however, the
anti-correlation is only -0.13 and is insignificant (P = 0.34). The use of a 600-ky
averaging window removes the otherwise dominant 405-ky component in eccentricity. L10, therefore, primarily identified anti-correlations in the 2.4-My cycle of
eccentricity. See Hinnov (2000) for a review of frequencies in orbital parameters.
The pertinent questions are, thus, why an anti-correlation would be exhibited
at the 2.4-My cycles but not the 405-ky cycle of eccentricity, and why two distinct
orbital parameters are statistically associated with 100 ky epochs. An answer to both
questions is available on the basis that eccentricity and the amplitude of obliquity
are anti-correlated at the 1/2.4 My−1 frequency. The eccentricity of the orbit and
the inclination of the orbital plane vary due to gravitational interactions among
the solar system planets and respond to the same fundamental forces, with concise
derivations from secular theory given in Burns (1976) in terms of the angular momentum.
For an unperturbed orbit eccentricity is a function of orbital angular momentum, e2 = 1 − αH2 , where α = (GMa)−1 and a is the semi-major axis, G is the universal
constant of gravitation, and M is the sum of point masses. H is the magnitude of
the orbital angular momentum vector. Inclination relates the total angular momentum to its projection on the z-axis of the invariant plane, i = cos−1 (Hz /H).
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Obliquity is closely related to inclination because both are angles taken relative to
the orbital plane. Whereas obliquity is the angle between the orbital plane and the
equator, inclination is the angle between the orbital plane and the fixed reference
plane. Changes in inclination, therefore, affect the amplitude of obliquity by morefully aligning with or opposing the tilt of the equatorial plane.
Given their shared origins, it is not surprising that a frequency decomposition
of eccentricity and obliquity reveals covarying terms. Variations in eccentricity and
inclination combine modes representing the gravitational effects of the precession
of the perihelion and precession of node for the solar system planets (Laskar, 2020).
The 2.4-My eccentricity cycle arises from a combination of the precession of the
perihelion of Earth and Mars, referred to as the g4 –g3 term where subscripts refer to
the order of the solar system planets. The most important terms in the frequency
decomposition of obliquity do not include the g4 –g3 frequency (Laskar, 2020), but
combinations of those frequencies do, and they lead to a 2.4-My cycle in the amplitude of obliquity that is nearly anti-phased with that of eccentricity (Figure 2.4).
It is notable that the only frequency at which eccentricity has been shown to exhibit anti-correlation with ∼100 ky amplitude of δ18 O is the one that also appears
in obliquity (Figure 2.4). Importantly, the association between ∼100 ky cycles and
obliquity amplitude is stronger than its inverse association with eccentricity when
retaining the 405 ky variability in eccentricity (Figure 2.2c), supporting an external
forcing of ∼100 ky epochs by obliquity and climatic precession. We conclude that
the inverse relationship between eccentricity and appearance of ∼100 ky cycles is
not causal but instead inherited from the inverse relationship dictated by celestial
mechanical relationship between eccentricity and obliquity.
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Figure 2.4: Anti-correlations between obliquity amplitude and eccentricity complicate inferences
as to the causes of ∼100 ky cycles. (a) Solutions for eccentricity (red) and the amplitude of obliquity (blue) over the past 20 My, showing how the largest-amplitude variations in obliquity tend to
appear when eccentricity is weakest. (b) The filtered orbital parameters. The antiphasing of the g3 –
g4 frequency (1/2.4 My−1 ) in eccentricity (red) and the amplitude of obliquity (dark blue) is shown
using a first-order Butterworth filter with a passband spanning 1/3 My−1 to 1/2 My−1 . Also shown
is the 1.2-My cycle in obliquity amplitude (light blue), obtained using a first-order Butterworth filter with a passband spanning 1/1.5 My−1 to 1 My−1 . Note that we use the astronomical solution
of Berger and Loutre (1991) in our statistical tests, but for purposes of displaying a longer record
the solution of Laskar et al. (2004) is shown here. There is negligible difference between the two
solutions during the time frame of our study (to the right of the dashed black line).

2.3.3 Concluding remarks
Our results indicate that ∼100ky glacial cycles are caused by large-amplitude obliquity and climatic precession variations, as opposed to being internally generated.
Importantly, the appearance of ∼100 ky cycles is associated with orbital variations
that feature a nearly identical amplitude ratio of obliquity and climatic precession,
1.50 (1.10-1.87), as found in the linear orbital response, 1.61 (1.16 - 2.51). The continuity in the inferred forcing is consistent with a climate system that responds nonlinearly when the amplitude of the forcing is large, as illustrated by a modified ver-
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sion of the model first proposed by Imbrie and Imbrie (1980). This model reproduces the observed intervals of ∼100 ky variability by inducing rapid deglaciations
when Northern Hemisphere summer forcing is strong and re-establishing a quasiequilibrium over subsequent orbital cycles.
Numerous processes have already been proposed to account for rapid deglaciation in response to strong Northern Hemisphere summer insolation forcing, including calving into proglacial lakes (Pollard, 1983b), increased ablation due to delayed isostatic rebound (Abe-Ouchi et al., 2013; Pollard, 1982), or accelerated icesheet sliding due to basal melting (Jenson et al., 1996). Similarly, various processes
have been proposed to explain the intensification of glaciation over the Pleistocene
that we parameterized in our model, such as greater frictional coupling between the
Laurentide ice sheet and its underlying bedrock (Clark and Pollard, 1998), glacialstage iron fertilization of the Southern Ocean (Chalk et al., 2017), transition of the
East Antarctic ice sheet from terrestrial to marine margins (Farmer et al., 2019), expanded sea-ice cover due to deep water cooling (Gildor and Tziperman, 2000) or,
more generally, a long-term drawdown in atmospheric CO2 values (Willeit et al.,
2019).
Determining the specific mechanisms responsible for rapid deglaciations and increasing glacial amplitude over the Pleistocene remains a central research question.
We suspect, however, that there is greater opportunity for understanding the processes that govern glacial variability than previously recognized. Empirically constraining the mechanisms responsible for glacial-cycle behavior is difficult if the
dynamics between the early and late Pleistocene are fundamentally distinct, but
several important features previously seen as distinguishing the early and late Pleistocene (Clark et al., 2006; Opdyke, 1976; Pisias and Moore, 1981) have now been
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identified in both epochs. These features include faster deglaciation than glaciation (Ashkenazy and Tziperman, 2004; Huybers, 2007), the presence of precession
variability in glacial cycles (Liautaud et al., 2020; Lisiecki and Raymo, 2007), similar coupling between sea-level and CO2 (Liautaud and Huybers, in press), and the
presence of ∼100 ky cycles (Caballero-Gill et al., 2019; Lisiecki, 2010; Meyers and
Hinnov, 2010). Our finding that large-amplitude orbital variations consistently excite ∼100 ky variability is one further line of evidence that glacial cycles are governed
by a similar set of processes throughout the Pleistocene.

2.4 Materials and Methods
2.4.1

Orbital fitting routine and δ18 O data

We jointly estimate the amplitudes of climatic precession, obliquity, and ∼100 ky
variations in δ18 O using an extension of a previously developed method, termed
Empirical Nonlinear Orbital Fitting (ENOF), that identified climatic precession
and obliquity variability in noisy proxy records using their known frequency and
amplitude modulations (Liautaud et al., 2020). It is similar to a class of methods
known as matched filters (Giannakis and Tsatsanis, 1990; Röver, 2011; Turin, 1960)
that aim to identify whether a specific template signal is present in noisy data. But
where climatic precession and obliquity are well-defined signals that are readily
identified in proxy records, a more general approach is needed to quantify the ∼100
ky component because its origins are not known and none of the late-Pleistocene
cycles have an exact 100 ky period. We therefore represent ∼100 ky cycles using a
100 ky sinusoid with adustable amplitude and phase.
The rate-of-change of ice volume is posited to contain variations representing
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climatic precession, obliquity, and sinusoidal ∼100 ky cycles whose amplitudes vary
over time:
dV
= Ap (t)e sin(ϖ(t − Δtp (t))) + Ao (t)ε(t − Δto (t)) + A100 (t) sin(2πt/100 − Δt100 (t)) + ε,
dt

(2.5)
where e is orbital eccentricity, ε is obliquity, ϖ the longitude of the perihelion relative to the vernal equinox, and ε is noise or variability not captured by equation
2.5. Ap , Ao , and A100 represent the amplitudes of the three components, and Δtp , Δto ,
and Δt100 capture their timing inclusive of orbital phase, climate lags, and age error.
The astronomical solution of Berger and Loutre (1991) is used.
Although ENOF could fit any sort of function for the 100 ky component – such
as a sawtooth, pulse, or square wave – we use a sinusoid for three reasons: (1) consistency with previous analyses in that wavelets and filters use sinusoidal basis functions, (2) because the variations are expected to be more symmetric in dδ18 O/dt
than in δ18 O, and (3) because the shape of ∼100 ky variations prior to the late Pleistocene is not obvious, suggesting that the most general template is appropriate here.
The three amplitude and three timing parameters are estimated using a nonlinear, least-squares fit of Equation 2.5 to the rate-of-change of δ18 O, or dδ18 O/dt. The
rate-of-change is used instead of the magnitude because major ice sheets have long
response times to external forcing Weertman (1964) and is supported by summerintegrated energy aligning with dδ18 O/dt (Huybers, 2006; Roe, 2006).
We evaluate a high-resolution North Atlantic benthic δ18 O record (Figure 2.1a)
comprising data from IODP Site U1308 between 0 and 2.42 Ma and from Site U1313
before 2.42 Ma (Bolton et al., 2010; Hodell and Channell, 2016; Hodell et al., 2008).
The spliced record is evaluated on an orbitally-tuned age model Lisiecki and Raymo
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(2005) and has an average sampling resolution of less than 800 years. We limit our
analysis to the past 2.8 Ma, representing the most recent interval of major Northern
Hemisphere ice sheets.
Estimates from Equation 2.5 are made across 350-ky tapered segments of the
record. Each segment is centered 10 ky from the center of the previous segment
such that 35 segments overlap at any one timestep, and overlapping amplitude estimates are averaged (red curve in Figure 2.1b). The procedure is undertaken after
interpolating dδ18 O/dt to an even spacing of 0.5 ky and smoothing using a 2 ky
low-pass filter. The smoothing does not meaningfully influence amplitude estimates because its frequency is much higher than those of the orbital variations, but
helps suppress differences in variance of dδ18 O/dt across where U1313 is spliced with
U1308, at 2.4 Ma, where the former has lower sampling resolution.

2.4.2

Significance of ∼100 ky cycles in δ18 O

We define ∼100 ky variability as being statistically significant during intervals when
its amplitude in dδ18 O/dt exceeds the 95th percentile of a null distribution. The
null distribution is estimated using a Monte Carlo approach in which our orbital
fitting procedure is repeated on synthetic signals comprising orbital variations and
noise intended to have the same properties as δ18 O, except with no deterministic
∼100 ky energy. The orbital signal is constructed as a sum of obliquity and climatic

precession having an amplitude ratio that approximately matches the average relative amplitudes of the obliquity and climatic precession responses in δ18 O between
2.8 and 0 Ma as estimated by the first two components of the right-hand-side of
Equation 2.5. The background continuum used for generating synthetic profiles is
characterized as a first-order autoregressive process, denoted AR(1), and is defined as

79

zt = ρzt−1 + νt where ν is Gaussian white noise and ρ is a parameter that ranges from

-1 to 1. The AR(1) process has a power spectrum,
S (f) =

σ2z
,
1 − ρ2 + 2ρ cos(2πf)

(2.6)

where f is frequency and σ2z is the variance of the random process. The background
spectrum is estimated by a least-squares fit of the parameters σ2z and ρ to the power
spectrum of δ18 O. Frequencies within 1/125 to 1/75 ky−1 , 1/41 ± 1/200 ky−1 , and
1/21 ± 1/125 ky−1 are excluded from the fit to avoid deterministic variance influ-

encing the position of the fitted noise floor, as are frequencies below 1/500 ky−1 or
above 1/5 ky−1 .
Noise is generated as an AR(1) process using the fitted value of ρ, 0.89, and added
to the orbital signal after rescaling to give the same signal-to-noise ratio as observed
in the δ18 O record. The signal-to-noise ratio is approximated by taking the total
sum between the noise floor and the power spectrum in the obliquity, precession,
and ∼100 ky frequency bands as a ratio of all energy below the fitted noise floor.
The null distribution, H0 , comprises the average estimated ∼100 ky amplitude in
the rate-of-change of 5 × 103 synthetic δ18 O time-series. The threshold for significance is specified as the 95th percentile of H0 , and has a value of 4.9 meg−1 ky−1 .

2.4.3

Relationship between orbital fitting, spectral estimation,
wavelets, and filters

To more specifically demonstrate that our identification of significant Pleistocene
∼100 ky cycles is not sensitive to the choice of method, we repeat the estimation of
∼100 ky amplitude in δ18 O using (1) a second-order Butterworth band-pass filter
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and (2) wavelets. In both cases we evaluate two frequency bands, one representing
the ENOF bandwidth and the second spanning 1/90.9 to 1/128.2 ky−1 , a band used
elsewhere to estimate energy at frequencies associated with eccentricity (Lisiecki,
2010). First, a null distribution and significance level for estimates made by these
methods is obtained by using each one to estimate ∼100 ky amplitudes in the synthetic signals used for determinining the significance level associated with ENOF.
Each method is then used to estimate ∼100 ky amplitude in δ18 O and identify if
and when it is significant according to their respective significance thresholds. In
these tests, the same four intervals of statistically-significant ∼100 ky variability are
observed with only minor differences in timing (Figure 2.5) and the ∼100 ky amplitude time-series covary closely with the ENOF estimate (r = 0.86 to r = 0.96).

2.4.4 Significance of the insolation-based rF value
The significance of rF = 0.64 from Equation 2.3 – equivalent to a correct prediction of the presence or absence of ∼100 ky in 83% of data points – needs to be interpreted in the context of tuning the three adjustable parameters η, τ, and φ. We
evaluate the statistical significance of our optimized rF relative to a null hypothesis
in which intervals of ∼100ky cycles are simulated using a random process having
a similar switching timescale as observed in δ18 O. This switching timescale is determined by the spectral characteristics of A100 , the variable underlying B, which
are complicated on account of being both serially correlated and smoothed by a
long-timescale window. On average, however, the power spectrum s of A100 adheres
very closely to that of a simple random walk, that is, s ∝ f−2 where s is power spectral density and f is frequency. In 103 instances, a simple Gaussian random walk is
realized over 2.8 My, and it is de-meaned and dichotomized according to its zero
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crossings. In each instance a value of rF is calculated in the same way as in the main
model by searching for the best-fitting combination of values for τ, η, and φ. The
multiple degrees of freedom yield a null distribution that is is centered well above
zero (Figure 2.2b) and has a 95th percentile at 0.62. The observed rF value of 0.64 is,
therefore, significant at P < 0.05.

2.4.5 Threshold-based glaciation model
The parameters used in Equation 2.4 accord with observations and prior estimates.
Specifically, we specify η, τ, and φ for constructing F as their δ18 O-derived values of
0.60, 0.85 and -7◦ .
Imbrie and Imbrie (1980) explored values of 7-30 ky for T and -0.3 to -0.75 for
their equivalent of b0 , ultimately suggesting optimal values of 17 ky and -0.6 based
on model comparison against the SPECMAP δ18 O stack over the last glacial cycle. We conduct a similar tuning exercise based on agreement of the modeled and
observed timing of intervals of ∼100 ky cycles during the Pleistocene, and obtain
nearly identical values to Imbrie and Imbrie (1980) with T = 17 ky and b0 = −0.4.
Although we have selected values of T and b0 to optimize the model fit, the same
features and comparable values of rF are broadly reproduced when selecting parameters such that |b0 × T| ≈ 7. To represent ice-free interglacials, V is truncated
such that it never decreases below −0.7, chosen to only affect the most drawn-out
deglaciations. Using values closer to zero reduces the estimated ∼100 ky amplitude
because they more severely restrict the extent to which ice-volume can be reduced
when the de-glacial nonlinearity is triggered. Finally, in the exponential ice-volume
trend, β is specified as 1/(4.9 × 10−3 ) and t0 as 2.8 Ma. β was chosen so that the model
reproduces a 28% increase in standard deviation observed in δ18 O from 2.8-1 Ma to
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1-0 Ma, and t0 is the age at the start of the time-series.
Model ∼100 ky glacial cycles are approximated as being present when the ∼100
ky amplitude in the rate-of-change of ice volume exceeds the significance level estimated for dδ18 O/dt as a fraction of its standard deviation.

2.4.6 Reproducing the L10 statistical test
In L10 a sliding Fast Fourier Transform is computed across a δ18 O record using a
moving 600-ky boxcar window, and energy in a frequency band spanning 1/90.9
ky−1 to 1/128.2 ky−1 is summed. The resulting time-series is then divided by a bestfit exponential function to remove the long-term increase in ∼100-ky power over
time. The same method is applied to the time-series of orbital eccentricity but without division by the exponential fit. Finally, the Pearson cross-correlation is calculated between the two time-series of ∼100-ky power.
We obtain a correlation coefficient of -0.62 when using the L10 method on the
composite record of Lisiecki and Raymo (2005) over 0-5 Ma. A similar value of 0.64 is obtained if measuring power in the full eccentricity signal instead of just
its 100-ky band. We evaluate the statistical significance of this anti-correlation by
repeating the L10 test procedure on 103 random time-series following the same average spectral power law as the ∼100-ky power in δ18 O. The 5th percentile of the
null distribution is -0.39, indicating that the result of Lisiecki (2010) is statistically
significant (P < 0.01).
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2.5 Appendix
2.5.1

HK epochs from ENOF, wavelets, and bandpass filters
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Figure 2.5: Comparison of ∼100 ky amplitude modulations in benthic dδ18 O/dt over the past 2.8
Ma when evaluated with orbital fitting, band-pass filtering, and wavelets. Displayed is the amplitude of the ∼100 ky component when using orbital fitting (black), a second-order Butterworth filter with passband spanning 1/87.5 to 1/116.7 ky−1 (red), the filter with passband spanning 1/90.9
to 1/128.2 ky−1 (yellow), a continuous wavelet transform summed across 1/87.5 to 1/116.7 ky−1
(light blue), and wavelets summed across 1/90.9 to 1/128.2 ky−1 (darl blue). Bars corresponding to
curves of the same color indicate periods during which the estimated ∼100 ky variability is statistically significant.
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3
Controls on sea-level sensitivity to CO2 forcing across
the Middle Pleistocene Transition
The material in this chapter is reproduced verbatim from Liautaud and Huybers
(in press).

Abstract
Proxy reconstructions indicate that sea level responded more sensitively to CO2 radiative forcing in the late Pleistocene than in the early Pleistocene, a transition that
was proposed to arise from changes in ice-sheet dynamics. In this study we analyse the links between sea level, orbital variations, and CO2 using an energy-balance
model having a simple ice sheet. Model parameters, including for age models, are
inferred over the late Pleistocene using a Bayesian method, and the inferred relationships are used to evaluate CO2 levels over the past 2 My in relation to sea level.
Early-Pleistocene model CO2 averages 244 ppm (241 ppm - 246 ppm 95% c.i.) across
2-1 Ma and indicates that sea level was less sensitive to radiative forcing than in the
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late Pleistocene, consistent with foregoing δ11 B-derived estimates. Weaker earlyPleistocene sea-level sensitivity originates from a weaker ice-albedo feedback and
the fact that smaller ice sheets are thinner, absent changes over time in model equations or parameters. An alternative scenario involving thin and expansive earlyPleistocene ice sheets, in accord with some lines of geologic evidence, implies 15
ppm lower average CO2 or ∼10-15 m higher average sea level during the early Pleistocene relative to the original scenario. Our results do not rule out dynamical transitions during the middle Pleistocene, but indicate that variations in the sea-level
response to CO2 forcing over the past 2 My can be explained on the basis of nonlinearities associated with ice-albedo feedbacks and ice-sheet geometry that are consistently present across this interval.

3.1

Introduction

Over the past million years, kilometers-thick ice sheets periodically grew to cover
large portions of North America and Eurasia, causing intermittent reductions in
global sea level as large as 140m (Bintanja and van de Wal, 2008; Siddall et al., 2010;
Willeit et al., 2019) over 80-120 ky intervals. These large glacial build-ups contrast
with the thinner (Clark and Pollard, 1998) or less expansive (Willeit et al., 2019)
ice sheets of the early Pleistocene that effected more modest sea level reductions of
∼50-70m (Bintanja and van de Wal, 2008; Rohling et al., 2014; Siddall et al., 2010)

on shorter periods of ∼40 ky. Proxy reconstructions of atmospheric CO2 derived
from foraminiferal Boron isotope ratios offer potentially important insight into the
nature of this change in glacial variability. Specifically, regressions of δ11 B-derived
CO2 radiative forcing estimates against sea level reconstructed using δ18 O records
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imply that sea level is twice as sensitive to CO2 forcing in the late Pleistocene than in
the early and middle Pleistocene (Chalk et al., 2017; Dyez et al., 2018).
One line of reasoning for increases in sea-level sensitivity involves changes in
the processes controlling ice-sheet responses to forcing. A prominent hypothesis
is that a layer of deformable till allowed a thin early-Pleistocene Laurentide ice sheet
to spread expansively, and that scouring of the sediment layer over time exposed
the crystalline bedrock, increased basal shear stresses, and permitted the growth
of a thicker ice sheet (Clark and Pollard, 1998). A consequence of such thickening
would be greater ice-volume variations for a given change in ice-sheet extent and,
therefore, a plausible explanation for the heightened late-Pleistocene sea-level sensitivity. Chalk et al. (2017) suggested that phase-locking of glacial cycles to orbital
variations (Tziperman et al., 2006) might also contribute to changes in sensitivity,
and additional factors such as the presence of sea ice (Gildor and Tziperman, 2000)
could play a role.
A second line of reasoning is for the change in sensitivity to reflect stronger feedbacks inherent to the growth of larger ice sheets. A prime candidate is for the icealbedo feedback to strengthen as ice-sheets expand (Budyko, 1969; Milanković,
1941) both because Northern Hemisphere ice-sheets that extend to low latitudes
can have greater zonal extent and because surface radiation increases from high to
middle latitudes. The albedo effect was proposed earlier as an explanation for increased climate sensitivity after the first appearance of Northern Hemisphere ice
in the Pliocene (Martínez-Botí et al., 2015). A greater sea-level response to radiative
perturbations also follows inherently from greater thickness and zonal extent of
large ice sheets (Källén et al., 1979; Weertman, 1976), implying greater sea-level consequences for a change in length. Increased frictional coupling of ice sheets at their
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base would, of course, heighten this volume effect (Clark and Pollard, 1998).
In the following we explore the origins of changes in sea-level sensitivity using
a Bayesian methodology that combines observations of CO2 and sea level with a
physical model relating the two. Bayesian methods are well-suited for inferring past
climate conditions from uncertain proxy data sources (Tingley and Huybers, 2010),
and have also been successfully applied to selecting between competing models for
the origin of glacial cycles (Carson et al., 2017; Crucifix et al., 2016; Feng and BailerJones, 2015), constructing probabilistic age models (Lin et al., 2014; Werner and
Tingley, 2015), and combinations thereof (Carson et al., 2019; Parnell et al., 2015).
Kalman filters have, alternatively, been used to infer paleoclimate phenomena (e.g.
Annan et al., 2005a,b; Okazaki and Yoshimura, 2017), but the fact that the processes
of interest feature nonlinearities, non-normal distributions, and age model uncertainty makes a more general probabilistic approach preferable.
Many heuristic models of Pleistocene glaciation readily permit for Bayesian sampling (Huybers, 2007; Imbrie and Imbrie, 1980; Imbrie et al., 2011; Paillard, 1998;
Parrenin and Paillard, 2003) but their relationship with observational constraints
is obscured by highly-simplified representations of relevant processes. More comprehensive representations are, of course, available in global Earth System Models
(Abe-Ouchi et al., 2013), but such sophistication makes it difficult to explore the
full range of parameters. When using an intermediate complexity model, for example, Willeit et al. (2019) were constrained to using 16 different combinations of
regolith-removal and volcanic CO2 outgassing scenarios in exploring the causes of
the transition between early and late Pleistocene glacial cycles.
In this study we first construct a model that represents key components of the
relationship between CO2 and sea level in a manner that permits for rapid sam-

88

pling from a joint posterior distribution (Section 5.3). We then fit the model to
late Pleistocene sea level and CO2 observations and use it to predict CO2 from sea
level during the early-Pleistocene (Section 4.4). Specifically, we first estimate earlyPleistocene CO2 based exclusively on its late-Pleistocene relationship with sea level
and, second, explore a scenario with a thinner and more expansive early-Pleistocene
ice sheet. We conclude with some suggestions for further lines of investigation (Section 3.5).

3.2

A Bayesian sea-level model

We build a simple model to investigate the factors affecting the relationship between sea level and CO2 . Among the processes that we include, we highlight two.
First, orbital forcing of ice sheets should be accounted for because changes in insolation occur at similar timescales as those of CO2 and contribute independently to
variations in sea level (Weaver et al., 1998). Furthermore, orbital amplitude changes
over the Pleistocene (Hinnov, 2000; Laskar et al., 2004) could affect inferences of
changes in sensitivity to radiative forcing. Second, the ages of sea level and CO2 are
only known approximately and were partially inferred through matching against an
orbital template. We are interested in explicitly including age as part of the model
because relative timing can be a first-order control on any inferred behavior (Carson
et al., 2019).

3.2.1 Planetary energy balance model
Budyko (1969) represented the equilibrium position of the edge of a zonally-averaged
ice-sheet as a function of the incoming shortwave and outgoing longwave radiation.
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The zonally-averaged energy balance is,
F
I(x)(1 − α(x)) = A + BT(x) + ∇ · H ,
4

(3.1)

where x is the latitude in degrees, F is the globally-averaged incoming shortwave radiation, α(x) is the surface albedo, A + BT(x) is the linearized outgoing longwave
radiation (OLR), and I(x) is the pattern of zonally- and annually-averaged insolation as a function of latitude and integrates to 1. ∇ · H is the divergence of the
meridional heat flux and, as in Budyko (1969), is approximated as M(T − T), where
T is the global mean surface temperature.

This approach affords rapid numerical

integration of our overall model. Figure 3.1 gives a schematic of the model.
Equation 3.1 is extended to include effects of atmospheric CO2 on outgoing longwave radiation and of orbital variations on incoming shortwave radiation. CO2
variations are represented by modifying the OLR parameter, A, to equal A0 + A1 ϕ,
where ϕ = log ([C]/[C◦ ]), [C] is the atmospheric CO2 concentration in parts per
million, and [C◦ ] is a reference concentration. Spatial and seasonal variation in CO2
radiative forcing are neglected.
We follow adaptations of the Budyko model in using polynomial approximations for the latitude-dependence of mean annual insolation to obtain tractable
solutions for the position of the ice line (e.g. Chỳlek and Coakley, 1975; Held and
Suarez, 1974; Lindzen and Farrell, 1977; North, 1975a,b). I(x) is approximated as
I(x) = 1 + sP2 (x), where P2 = (3 sin(x)2 − 1)/2 is the second Legendre polynomial

and s = −0.482. Orbital variations are represented by way of modifications to F,
F = S0 + ηp e sin(ϖ + φ) + ηo ε,
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(3.2)

where S0 is the solar constant, e the eccentricity, ϖ is the longitude of the perihelion
relative to the vernal equinox, φ the phase of the climatic response to precession, ε is
obliquity, and ηp and ηo are amplitudes respectively for the climatic precession and
obliquity contributions. The astronomical solution of Berger and Loutre (1991) is
used for orbital values and, for convenience in interpreting ηp and ηo , ε and e sin(ϖ +
φ) are normalized to zero mean and unit variance over 0-805 ka.

Although represented as changing F, climatic precession does not influence annual average insolation at any latitude and obliquity does not influence the annual
energy summed across all latitudes (Milanković, 1941; Rubincam, 1994). Rather,
Equation 3.2 aggregates seasonal and spatial patterns that influence the position of
the ice line, such as changes in the seasonal distribution of insolation above a melt
threshold (Huybers, 2006). Modifying the model such that obliquity modulates
s, instead of influencing F, leads to an inference of smaller obliquity contributions

but does not qualitatively change other results.
The globally-integrated energy balance is,
1 − αp
F = A0 + A1 ϕ + BT,
4

(3.3)

and following Roe and Baker (2010), the mean planetary albedo is,
]
[
s
αp (xs ) = α2 + (α1 − α2 ) sin(xs ) + (P3 − P1 ) .
5

(3.4)

Terms α2 and α1 represent, respectively, albedo with and without ice, and xs is
the latitude of the southern ice-sheet margin, or the ice-line. Pn is the nth Legendre
polynomial evaluated at sin(xs ).
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Linearization of the outgoing longwave radiation permits cancellation of the
global-mean surface temperature, T. Equation 3.3 is rearranged and substituted into
Equation 3.1 at xs , following Roe and Baker (2010), to obtain an expression for surface temperature at the ice-line,
[
(
)
]
1
F
M F
Ts =
(1 − α s )I (x s ) −
(α p − 1 ) + A 0 + A 1 ϕ − A 0 − A 1 ϕ ,
B+M 4
B 4

(3.5)

where αs is a transitional albedo equal to (α1 + α2 )/2.

3.2.2 Ice sheet
In Equation 3.5 surface temperature is assumed to be in equilibrium with radiative forcing. Orbital forcing and changes in atmospheric CO2 , however, vary at
timescales comparable with that of ice sheet adjustment (Cuffey and Paterson,
2010; Weertman, 1964), suggesting the need to represent ice-sheet time dependence.
An ice-sheet is assumed to exist between xs and a fixed northern terminus, xn (Figure 3.1). Following Weertman (1976), the ice-sheet is zonally-averaged and assumed
to follow a plastic rheology,
h(x) = [λ(|xm − xs | − |x − xm |)]1/2 .

(3.6)

Here h is the height of the ice sheet above the surrounding land surface, λ = 4τ/(3ρi gd),
with τ being the basal shear stress, ρi the ice density, g gravitational acceleration, xm
the mid-point of the ice sheet, and d = 111.319 × 103 m per degree of latitude. To
keep both the height and length of the ice sheet in the same units and because our
analysis is focused on the position of the ice line, values of h, xm , and λ are in units
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of degrees of latitude.
Total ablation over an ice sheet increases with both temperature and area of the
ice sheet, but because the interiors of large ice-sheets tend to be cold, most melting
occurs at the margins (Van den Broeke et al., 2011). We therefore focus on conditions at the ice-line for representing changes in ablation rates across the whole ice
sheet, for which purposes it is simpler to consider the cross-sectional area of the icesheet above the equilibrium land surface,
∫

xn

Y=
xs

√ (
)
4 λ x n − x s 3 /2
h(x)dx =
.
3
2

(3.7)

Assuming that net ablation along the southern terminus scales linearly with zonal
length, we represent the change in cross-sectional area as linearly proportional to
temperature at the ice-line,
dY
= p(z − Ts ),
dt

(3.8)

where z controls the ice-line temperature at which ablation overtakes accumulation,
and accumulation is assumed constant. The ablation sensitivity, p, represents the
amount of melting over the whole ice sheet for each degree of temperature increase
at the ice line multiplied by a scaling factor of 2/3. The 2/3 adjustment reflects isostatic adjustment of bedrock in response to the removal or addition of ice, where
bedrock density is assumed to be three times that of ice (Weertman, 1976). Bedrock
rebound is taken as instantaneous. For simplicity we aggregate the isostatic and
melting components into the single parameter p, which has units of degrees latitude
squared per ky per ◦ C. Combining Equations 3.7 and 3.8, we obtain the rate-of-
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change in xs as a function of ice-line temperature,
dxs
= p (T s − z )
dt
s
where we applied that dx
dt =

dY dxs
dt dY

(

λ (x n − x s )
2

)− 1 / 2

(3.9)

,

and that xn is fixed.

To account for the fact that the ice-sheet only spans a fraction of the earth circumference, we represent α2 = fl αi + (1 − fl )α1 , where αi is the average ice albedo.
Regions above xn are assumed to be covered with snow or sea ice with the same average fraction, fl , as in regions with an ice sheet.

3.2.3 Coupled model inversion
Most Budyko-type energy balance models achieve closure by specifying a value
for Ts , typically -10◦ C (North, 1975a; Roe and Baker, 2010). We instead couple the
energy-balance and ice-sheet ablation expressions by solving Equation 3.9 for Ts and
equating it with Equation 3.5. The coupled model can be rearranged to give the log
of the CO2 fractional anomaly, ϕ, as a function of the ice-line,
ϕ = β0 − β1

dxs
.
dt

(3.10)

The β0 term represents the equilibrium relationship between CO2 and the ice line,
B
β0 =
A 1 (B + M )

{

F
M
(1 − α s )I (x s ) − A 0 −
4
B

(

F Fαp
A0 − +
4
4

)}
−

Bz
.
A1

(3.11)

Implied CO2 concentration increases with temperature at the ice-line, which itself
is influenced by insolation, the efficiency with which heat is transported through
the atmosphere, and the planetary albedo. β1 scales the effect of ice-sheet disequilib-
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rium,
B
β1 =
A1 p

(

λ (x n − x s )
2

)1 / 2
.

(3.12)

Larger rates-of-change in the ice-line are induced when ablation sensitivity is large
or the ice sheet is thin either because of a small latitudinal extent or low basal shear
stress.
To relate xs to sea level we approximate the ice sheet as a partial torus, neglecting
meridional curvature. Ice volume is obtained by multiplying Y by the zonal extent
of the ice sheet at its midpoint and converted to sea level,
S=−

ρi
fl Ec cos(xm )Y.
ao ρ w

(3.13)

Ec is Earth’s circumference at the equator, fl is the zonal fraction of the Earth cov-

ered by the ice sheet, ρi and ρw are the densities of ice and water, and ao is the area of
the ocean.

3.2.4

Observations

Atmospheric CO2 measurements are from the revised EPICA Dome C composite
record (Bereiter et al., 2015) that extends to 806 ka and has an expected measurement error averaging 1.34 ppm. Ages are assigned by the chronology outlined in
Bereiter et al. (2015) and are based on ice and gas stratigraphic age markers, orbital
variations, and ice flow modeling across multiple ice cores (Bazin et al., 2013). Age
uncertainties associated with CO2 are estimated to have a 6 ky standard deviation
on account of uncertainty in accumulation rates, rates of ice-layer thinning, phasing
of CO2 with respect to orbital variations, and ages of stratigraphic markers. Addi-
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Surface albedo

Figure 3.1: Schematic of a coupled energy-balance and ice-sheet model. Incoming shortwave radiation (blue) varies with the orbital configuration and latitude, and is absorbed according to the
surface albedo of either ice-free or ice-covered surfaces. Outgoing longwave radiation (red) is a
function of CO2 concentration and surface temperature, and heat is fluxed across latitudes (green)
according to the local deviation from the global mean surface temperature. An ice sheet is represented between a fixed northern terminus, xn , and a southern terminus, xs , that responds to the
temperature determined by the energy-balance model. Rates of change in xs are also influenced by
ice-sheet thickness that is controlled by a basal shear stress, τ, and the length of the ice-sheet.

tional proxy-based CO2 reconstructions from foraminiferal δ11 B (Chalk et al., 2017;
Dyez et al., 2018; Hönisch et al., 2009) are used for evaluating how well the model
reproduces a temporal shift in sea level sensitivity. Other published δ11 B-based estimates are not used because of large discrepancies with ice-core CO2 (Sosdian et al.,
2018), few samples across the 0-2 Ma interval that is the focus of our study (Seki
et al., 2010), or both (Stap et al., 2016).
For sea level, we use a reconstruction that is derived from a nonlinear transfer
function relating benthic δ18 O to sea level (Siddall et al., 2010). In this record, a series of independent sea-level constraints spanning the past ∼240 ky as well as from
the Pliocene are compared with coeval δ18 O values to establish a nonlinear relation
between the two. This relation was used to generate a 5-My sea-level estimate based
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on δ18 O under an assumption that their relationship has remained stationary. We
use this record because it broadly agrees with other sea-level reconstructions over
the late Pleistocene (Rohling et al., 2009; Shakun et al., 2015; Spratt and Lisiecki,
2016; Waelbroeck et al., 2002) and extends into the early-Pleistocene, where the latter is a requirement for our purposes. We adjusted sea level to have the model reference level of no Northern Hemisphere ice by subtracting a constant from all values
such that present-day sea level is at -8m. The choice of offset reflects the present-day
ice volume in Greenland, Iceland, and ice caps (Farinotti et al., 2019; Morlighem
et al., 2017, 2020), but inferred CO2 values are not qualitatively sensitive to using a
smaller offset.
Whereas orbital variations can be accurately computed over the last several million years (Laskar et al., 2011), sea level and CO2 ages are uncertain. Baseline chronologies are adopted for sea level and CO2 , respectively, from Shackleton et al. (1990)
and Bazin et al. (2013). Adjustments to these age scales are permitted by way of
eight age control points (ACPs) placed every 100 ky from 100 to 800 ka in the sealevel and CO2 records, respectively denoted k1 through k8 and q1 through q8 . Adjustments to ACPs are propagated to other data points using linear interpolation.
The age of the most recent sample in each record is treated as fixed.

3.2.5

Priors and sampling

The parameters that we seek to constrain and the priors that we impose are listed
in Table 4.1. Uniform priors are assigned either where bounds are considered physically strict or are used across wide intervals where uninformative priors are desired.
Normal priors are used where an informed guess can be made as to a parameter
value.
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We expect a net-zero mass balance where mean annual temperatures are somewhat below zero degrees Celsius (Cuffey and Paterson, 2010), and, in accord with
foregoing energy balance models (North, 1975b), assign a normal prior to z with a
mean of -10◦ C and a standard deviation of 5◦ C. Orbital amplitude parameters, ηp
and ηo , are uncertain but should be non-negative, and are therefore assigned diffuse
uniform priors spanning 0 to 10 Wm−2 . Priors for the ice-covered and ice-free surface albedos are also uniform and allow variations from 0.4 to 0.95 and from 0.15
to 0.5. The ablation sensitivity parameter, p, has a uniform prior allowing values
between 8 × 10−3 degrees2 ky−1 ◦ C−1 and 8 × 10−2 degrees2 ky−1 ◦ C−1 , which corresponds to lags of sea level behind radiative forcing of roughly 5-20 ky when sea level
varies with an amplitude of 100 m.
Prior analyses of Budyko-type models prescribed values for the linearized outgoing longwave radiation parameters, A and B, of approximately 200-215 Wm−2
and 1.4-1.6 Wm−2 ◦ C−1 , respectively (Chỳlek and Coakley, 1975; Lindzen and Farrell, 1977; North, 1975a; Roe and Baker, 2010). The appropriate values are uncertain
because the correct linearization depends on a number of unrepresented factors,
including cloudiness (North, 1975a). We choose a prior mean of 211 Wm−2 , a commonly used value for A, and a standard deviation of 10 Wm−2 . B and M are excluded
from the Bayesian inference on account of strong covariation with other parameters
that, otherwise, leads to slow convergence of our sampling approach. Following
Lindzen and Farrell (1977), B is specified as 1.55 Wm−2 ◦ C−1 . M is typically considered in relation to the value of B because the non-dimensional quantity M/B represents the efficiency of poleward energy transport (Held and Suarez, 1974), with
commonly used values of around 2.5. We follow Chỳlek and Coakley (1975) in prescribing a ratio of 2.61 and, therefore, specify M equal to 4.05.
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Well-constrained physical parameters are specified as constants, including the solar constant S0 (Kopp and Lean, 2011), CO2 radiative forcing parameter A1 (Myhre
et al., 1998), ice and water densities ρi and ρw , and the ocean area ao (Sima et al.,
2006). Fixed values are also used for the earth-circumference fraction covered by
the ice sheet, fl , and upper ice-sheet terminus position, xn (see Table 4.1). In the initial set of simulations the basal shear stress, τ, is also held constant.
Finally, age-control parameters are assigned normal priors with means at their respective ages in the timescale of Shackleton et al. (1990) and Bazin et al. (2013) and
standard deviations of 6 ky. Evidence that the Brunhes-Matuyama magnetic reversal is identifiable in ice-core records (e.g. Dreyfus et al., 2008) suggests, however,
that ages for the oldest ice-core samples should not be younger than the reversal,
and the timing of the reversal in the age model of Shackleton et al. (1990) aligns
with radiometric estimates of ∼780 ka (Cande and Kent, 1995). Priors for k8 and
q8 , centered at 800 ka, are therefore additionally truncated so as to disallow values

younger than 780 ka.
Likelihoods for combinations of parameters are computed from the residuals
between modeled and observed CO2 values. The magnitude and structure of the
residual has several contributions, including uncertainty in the sea-level reconstruction, omission of relevant processes in our model, and age error. These factors,
when combined with our having aggregated climate lags into a single ablation sensitivity parameter, lead errors to be autocorrelated. We therefore parameterize errors
using an autoregressive order-one process and infer the variance and autocorrelation coefficient as part of the Bayesian inversion.
To build up the joint posterior distribution, we use an affine-invariant ensemble sampling algorithm in which each of a collection of sampling chains follows a
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random walk through the parameter space (Goodman and Weare, 2010). Affine
invariance assures that sampling is insensitive to the aspect ratio of the state space,
avoiding the need to tune step sizes for each parameter. 30 chains are used for inference, with parameters in each chain initialized at a random perturbation about an
initial guess. Further details on our sampling approach are in the Appendix.
The inference is conducted using sea-level and CO2 data spanning 780 ka to 2
ka after age adjustments. Data across 0-2 ka are excluded to omit anthropogenic
influences in the ice-core composite, and data older than 780 ka are omitted so that
likelihoods are calculated over a consistent time interval that would otherwise vary
with the inferred age of the end of the ice-core record. Alternatively allowing k8
and q8 to reach ages as young as 770 and using 770-0 ka as the inference interval
negligibly changes our results.

3.3 Results
Realizations of late-Pleistocene CO2 from our model have a residual standard deviation of 16.1 ppm (14.6 ppm - 17.6 ppm 95% c.i.) relative to late-Pleistocene CO2
observations (Figure 3.2), and inferred error properties appear appropriate in that
93% of ice-core CO2 values lie within the inferred 95% confidence interval given by
the combined uncertainty in model fit and model parameters. Below we interpret
the posterior values for the physical and age-control parameters and discuss their
implications for the relationship between sea level and CO2 .
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Figure 3.2: Variations in sea level and CO2 values over the past 2 Ma. (a) Maximum likelihood
model CO2 levels (black) agree closely with ice-core CO2 data (orange). 95% of CO2 predictions
fall within the dark gray interval, or when summing values with model-data error, the lighter gray
interval. Model CO2 variations also broadly reproduce patterns in δ11 B-derived CO2 estimates:
blue, Chalk et al. (2017); green, Dyez et al. (2018); purple, Hönisch et al. (2009). (b) Variations in sea
level and ice-line implied by the model. Sea level, gray, is from Siddall et al. (2010) and is converted
to a zonally-averaged ice-sheet length (blue) that is controlled by the basal shear stress, τ, and the
fraction of earth circumference covered by the ice sheet, fl . Adjustments to CO2 and sea-level ages
are achieved by way of eight age-control parameters whose prior means are displayed in empty
gray circles and posterior 95% c.i. displayed as orange and blue horizontal bars. Uncertainty in the
ages for sea level and, therefore, ice-line are reflected in their shaded 95% c.i.

3.3.1 Joint posterior distribution of physical parameters
A first issue relates to distinguishing the orbital and CO2 forcing contributions to
sea level changes. Orbital amplitude parameters ηp and ηo respectively accumulate
density into modes at 0.96 Wm−2 (0.72 Wm−2 - 1.22 Wm−2 95% c.i.) Wm−2 and
0.94 Wm−2 (0.67 Wm−2 - 1.25 Wm−2 ), values that are well-constrained with respect
to their uniform priors. The climatic precession phase is also well-constrained with
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a posterior median at 18.9◦ (-12.7◦ to 39.8◦ ) such that forcing is strongest when perihelion occurs on July 10 (June 8 – July 31). These results are consistent with previous inferences of the orbital configuration most associated with net ablation (Carson et al., 2019; Imbrie et al., 1984; Milanković, 1941). If orbital forcing is omitted
from the model, a greater CO2 contribution is inferred because, in that case, CO2
assumes all responsibility for sea level changes. Keeping all other parameters at their
inferred values, the differences between inferred CO2 values in the models with and
without orbital forcing has an average variance of 75 ppm2 , and variations of up to
47 ppm.
Ice-free surface albedo, α1 , is inferred to be centered at 0.30 (0.21 - 0.38) and icealbedo, αi , at 0.80 (0.79 - 0.82), both occupying narrow distributions relative to
their uniform priors. The substantial inferred difference between α1 and αi implies
a strong ice-albedo feedback, and their relatively narrow posterior distributions reflect that the model is quite sensitive to even small albedo changes. Increasing the
ice albedo by 0.1 increases the variance of model CO2 by an average of 54%, and
increasing the ice-free albedo by just 0.01 increases the variance of the prediction
by 180%, although changes in other parameters, such as the outgoing longwave radiation parameter, A0 , or the equilibrium ice-line temperature, z, can offset those
effects. It should also be noted that although α1 and αi are expected to capture an
ice-albedo feedback present in the observations, their values are approximate on
account of our simple model lacking multiple land-cover types, representative geography, or oceans.
A0 and z have posterior medians of 210.7 Wm−2 (190.8 Wm−2 - 229.6 Wm−2 ) and

-9.7◦ C (-19.3◦ C - -0.6◦ C). Inferred values are within the expected range, but their
standard deviations of 10.0 Wm−2 and 4.8◦ C are comparable to their priors. The
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Figure 3.3: Prior (gray) and posterior values for each of the adjustable model parameters when
ages are allowing age adjustments (blue) or disallowing them (orange). Panels with age-control
parameters represent sea-level ACPs (darker blue) and corresponding ACPs in the CO2 record
(lighter blue). Vertical lines at k4 ,q4 indicate the prior age for termination 5 in the sea-level record
we use here (Siddall et al., 2010, thick gray line), and in the records of Rohling et al. (2009) (yellow),
Rohling et al. (2014) (purple), Bintanja and van de Wal (2008) (red), De Boer et al. (2010) (cyan),
Shakun et al. (2015) (dark green), Spratt and Lisiecki (2016) (black), and Elderfield et al. (2012)
(orange). Axis labels correspond to the parameters listed in Table 4.1 and, for visual clarity, the xaxis is concentrated to posterior values even if the prior is wider.

influence of the priors here mainly reflects that these parameters covary with the
albedo parameters (correlation between -0.46 and -0.79 for pairs of A0 and z with
α1 and αi ), as dictated by Equation 3.10.

Because opposing changes among these pa-

rameters can preserve similar predictions of CO2 values, various combinations of
A0 , z, α1 , and α2 , are difficult to distinguish.

In this case basic physics help us con-

strain values for A0 and z. Repeating the analysis with doubled prior standard devi-
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ations for A0 and z, however, negligibly changes the inferred CO2 values.
Ablation sensitivity, p, is strongly constrained by its prior, with posterior values
accumulated against the upper limit (Figure 3.3). The need for a prior to constrain p
reflects uncertainties in sea-level ages and magnitudes relative to CO2 , and the prior
accords with estimates of ice-sheet response timescales (Cuffey and Paterson, 2010;
Weertman, 1964), but our conclusions do not depend on our choice of prior. If
we repeat the inference after increasing the prior upper bound by a factor of ten,
inferred values of p imply ice-sheet equilibration times of approximately 0.5-5 ky
that appear unrealistically small, but early-Pleistocene CO2 values are negligibly
altered relative to the main model.

3.3.2 Age inferences
Estimated ages for sea level and CO2 are mostly within the expected error of orbitallytuned age models and have small variance relative to the priors (Table 4.1 and Figure
3.3), with the exception of larger anomalies during Stages 14-11 (550-400 ka). In particular, CO2 age parameter q5 is adjusted from 500 ka to a posterior median value
of 481 ka, and q4 and sea-level age parameter k4 are adjusted from 400 ka to posterior median values at 418 ka and 421 ka, respectively. Sea-level age revisions coincide
with differences between the Shackleton et al. (1990) age-scale adopted by Siddall
et al. (2010) and other sea-level reconstructions (Bintanja and van de Wal, 2008;
De Boer et al., 2010; Elderfield et al., 2012; Rohling et al., 2009, 2014; Shakun et al.,
2015; Spratt and Lisiecki, 2016) that assign ages that are 10 to 30 ky older than Siddall
et al. (2010) at termination 5 and are independently consistent with our revised age
estimates (see vertical lines in Figure 3.3).
In general, relative age is better constrained than absolute age. Several pairs of
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ACPs move in tandem on account of astronomical variability not fully constraining absolute ages (Figure 3.3). The median correlation between pairs of analogously
placed ACPs in sea level and CO2 is 0.58, with values as high as 0.87 for (k3 , q3 ). The
median variance of the difference between pairs of sea-level and CO2 ACPs, therefore, is 29% less than the variance of individual CO2 ACPs.
It might be expected that explicit inclusion of age model uncertainty would lead
to greater uncertainty in other parameters. We find, however, little systematic difference in parameter uncertainties if repeating the Bayesian analysis without permitting age refinements (orange vs. blue distributions in Figure 3.3). In this case the
standard deviations for the eight non-age-related physical parameters are between
30% less and 20% more than in the flexible-age case. The average ratio of parameter
standard deviations between fixed- and flexible-age cases is 1.0, indicating that parameters are equally likely to be slightly more versus slightly less uncertain between
the two cases.
Disallowing age refinements lead to qualitatively insignificant changes in all parameters except for ηo , the obliquity forcing amplitude, which is reduced by 43%,
compared with only a 7% decrease in the precession amplitude ηp . Although the
precession and obliquity forcing are both statistically significant in each case, we
note that their more-equal contributions in the case of flexible ages accord with
the predictions of Milanković (1941) and the subsequent studies of orbital forcing
of late-Pleistocene glacial cycles that confirmed those predictions (e.g. Hays et al.,
1976). We suspect that allowing for age refinements leads to inference of a more
consistent physical relationship between sea level and CO2 as compared with inferences based upon ages that are fixed, albeit uncertain.
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3.4

Discussion

Although sea level and CO2 follow similar broad patterns across glacial-interglacial
cycles, one is not merely a linear rescaling of the other. Changes in CO2 radiative
forcing, denoted Rf and equal to A1 ϕ, cause changes in sea level after a delay. The
adjustment timescale leads to a looping structure about an equilibrium curve when
plotting sea level against Rf (blue and orange traces in Figure 3.4) about a central
equilibrium relationship between Rf and sea level. A curve representing the equilibrium relationship (black line in Figure 3.4) indicates that ice sheets are more sensitive when they are large. It follows that sea-level sensitivity to radiative forcing is
smaller when sea level is higher. Below we investigate whether the model-inferred
structure of sea-level sensitivity is sufficient for explaining empirical evidence for
changes in sea-level sensitivity over time. Unless otherwise noted, references to CO2
in this section refer to the model inference of CO2 derived from sea level, not the
late-Pleistocene ice-core CO2 record against on which the model is calibrated.

3.4.1

Changes in sea-level sensitivity

We use the derivative of the equilibrium relationship between sea level and CO2
radiative forcing, dS/dRf , to describe sea-level sensitivity to CO2 forcing (Figure
3.5). Averaged across the early Pleistocene (2-1 Ma), model equilibrium sensitivity is
47 m/Wm−2 (44 m/Wm−2 - 50 m/Wm−2 95% c.i.). This increases to 106 m/Wm−2
(89 m/Wm−2 - 141 m/Wm−2 ) during the late Pleistocene (0-1 Ma), or a 126% (103%
- 182%) increase relative to 2-1 Ma. Chalk et al. (2017) gave a specific estimate of an
80% (40% - 130%) increase, and if we only average over the intervals covered in their
study – 0 to 260 ka and 1090 to 1250 ka – the model fractional sensitivity increase is
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Figure 3.4: A nonlinear relationship is present between sea level and CO2 radiative forcing, Rf that,
on average, indicates greater sensitivity in the late Pleistocene (1-0 Ma; blue trace and markers)
than in the early Pleistocene (2-1 Ma; orange trace and markers). Owing to the time taken to melt
or grow an ice sheet, the time-dependent model exhibits width about a maximum-likelihood equilibrium relationship (dark gray curve, with 95% of equilibrium curves in lighter gray).

87% (73% - 120%).
The sensitivity magnitudes estimated here differ from the values of ∼ 20 − 30
m/Wm−2 and ∼ 40 − 50 m/Wm−2 for the early and late Pleistocene that were estimated by Chalk et al. (2017). The difference arises mainly because we define sensitivity differently: we use the slope of a nonlinear equilibrium relationship that
was inferred accounting for age adjustments and orbital variations, whereas Chalk
et al. (2017) used the slope of a York linear regression between Rf and S. Two further differences are that we use the sea-level record of Siddall et al. (2010), whereas
Chalk et al. (2017) used reconstructions from Rohling et al. (2014), De Boer et al.
(2010), and Elderfield et al. (2012); and that our model is conditioned on ice-core
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Figure 3.5: Changes in equilibrium sea-level sensitivity to radiative forcing through the Pleistocene. (a) Sensitivity increases with ice-sheet length (gray curve, maximum likelihood estimate)
and therefore varies across glacial-interglacial cycles. Long-term patterns, obtained by smoothing
sensitivity with a 300ky Gaussian filter, are also displayed with 95% of curves shaded. Denial of
mechanism experiments show that sensitivity increases over time are muted when suppressing
ice-albedo feedbacks (blue), the nonlinear relationship between ice-sheet volume and length (yellow), or both (orange). (b) Same as panel (a) but where only smoothed sensitivities are shown and
they are taken relative to their values at 2 Ma.

CO2 over the entire late Pleistocene and not δ11 B-based estimates. Despite the differences in sea-level and CO2 data used, model sensitivity magnitudes are similar to
those reported in Chalk et al. (2017) if we change our method to instead use a York
regression between model Rf and S. In this case, average model sea-level sensitivity
is 35.7 m/Wm−2 (33.9 m/Wm−2 - 37.2 m/Wm−2 ) for the early Pleistocene and 55.2
m/Wm−2 (53.7 m/Wm−2 - 56.6 m/Wm−2 ) for the late Pleistocene. Both the percentage sensitivity increase across the MPT implied by the regression, 55%, and the
magnitude of the increase, 20 m/Wm−2 , are within the uncertainty range reported
in Chalk et al. (2017).
We investigate the origins of sensitivity changes by suppressing physical processes
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in the model. To omit the ice-albedo feedback, we set α1 = α2 with a value of 0.35,
chosen to give a maximum-likelihood CO2 with a similar average to that in the full
model. Elimination of the feedback dramatically reduces equilibrium sensitivity to
an average of just 10.5 m/Wm−2 across the early Pleistocene, increasing only to 13.4
m/Wm−2 in the late Pleistocene (blue lines in Figure 3.5). Unsurprisingly, much
larger glacial-interglacial variations in CO2 would be required to generate the glacial
cycles if the albedo feedback were absent, and the increase in sensitivity between
early and late Pleistocene is reduced by 78%. Similarly, the effect of nonlinear scaling of ice-sheet volume with its length on equilibrium sensitivity may be estimated
by replacing the model ice-sheet with a simple linear relationship between xs and
sea level (Figure 3.6c). If the width of the ice-sheet were constant, the volume would
scale with length to the ∼3/2 power (Weertman, 1976), but because zonal extent
also increases with length, the power law is ∼5/2. In this experiment, equilibrium
sensitivity averages 55.6 m/Wm−2 for the early Pleistocene and 96.9 m/Wm−2 for
the late Pleistocene (yellow lines in Figure 3.5), yielding a 41% weaker sensitivity increase across the MPT than the full model. Suppressing both the ice-albedo and
ice-sheet-geometry contributions effectively eliminates model nonlinearity (Figure
3.6d), and gives nearly equivalent early- and late-Pleistocene equilibrium sensitivities of 12.8 m/Wm−2 and 13.3 m/Wm−2 (orange lines in Figure 3.5).
Finally, our inference of the nonlinear relationship between sea-level and CO2
radiative forcing is conditional on the choice of sea-level record, and it is useful to
verify that similar patterns are observed if alternative choices are made. Repeating
the inference procedure using the reconstructions of Willeit et al. (2019), Elderfield
et al. (2012), and Rohling et al. (2014) gives an average equilibrium sensitivity for
sea levels between -100 and -50 meters that is double or more than for sea levels be-
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tween -50 and 0 meters, consistent with the results obtained if using the record of
Siddall et al. (2010).

3.4.2

Mean early-Pleistocene CO2 levels

δ11 B-based CO2 estimates are an order of magnitude more uncertain than ice-core

CO2 measurements (Chalk et al., 2017; Dyez et al., 2018; Hönisch et al., 2009). The
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Figure 3.6: Consequences of suppressing model nonlinearities. (a) Relationship between sea level
and Rf in the full model, including both the maximum-likelihood time-dependent response in the
early (orange) and late (blue) Pleistocene and the maximum-likelihood equilibrium relationship
(gray). (b) Same as panel (a), but where the ice-albedo feedback is omitted from the model. (c) Same
as panel (a), but where the nonlinear relationship between ice-sheet volume and length is omitted
from the model. (d) Same as panel (a), but where both the ice-albedo feedback and ice-sheet geometry are omitted. These denial-of-mechanism experiments show that the ice-albedo feedback and
ice-sheet geometry explain more than 95% of the change in sea-level sensitivity across the MPT.
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proxy typically requires specifying at least one parameter for the marine carbonate
system, such as total alkalinity or dissolved inorganic carbon, whose values are uncertain. Total alkalinity may have increased through the Pleistocene, for example,
due to weathering of the Canadian Shield (Clark et al., 2006). Different species of
foraminifera require different calibrations and, commonly, an assumption that the
conditions in which they proliferated did not change over time (Dyez et al., 2018).
As such, although we use proxy estimates as they were originally published, different realizations are possible. For example, Dyez et al. (2018) used revised salinity and
alkalinity estimates to obtain ∼12 ppm higher average CO2 than Chalk et al. (2017)
and ∼26 ppm higher average CO2 than Seki et al. (2010) using the originally published δ11 B values.
We find mismatches between our model predictions and δ11 B-based proxy reconstructions where they overlap (Chalk et al., 2017; Dyez et al., 2018; Hönisch
et al., 2009) that are qualitatively similar in the early and late Pleistocene. Combining uncertainties in both proxy and model CO2 values using a Monte Carlo
approach with 104 samples, and assuming reported uncertainties follow a normal
distribution, indicates that δ11 B-derived estimates are, on average, 11 ppm (6 ppm
to 16 ppm) higher than our model predictions across 2-1 Ma and 8 ppm (2 ppm - 14
ppm) higher across 0-1 Ma. A similar offset arises between δ11 B-derived and ice-core
CO2 in the late Pleistocene of 9 ppm (4 ppm - 13 ppm). Subtracting this difference
to align δ11 B-derived and ice-core CO2 values also brings the δ11 B-derived values
into closer agreement with the model, reducing the mean offset to 1 ppm in the late
Pleistocene and 2 ppm in the early Pleistocene. Our results thus support the accuracy of the reconstructions of Hönisch et al. (2009), Chalk et al. (2017), and Dyez
et al. (2018) and may also support a modest downward revision of the proxy.
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There are also qualitatively similar mismatches in the range of CO2 variability
between the proxy and ice-core values and between the proxy and model values. In
the late Pleistocene, the δ11 B-derived estimates have 57% greater standard deviation
than ice-core values. this aligns with the δ11 B-derived values having 52% (43%-61%)
greater standard deviation than the model CO2 over the late Pleistocene, and 70%
(59%-82%) greater standard deviation in the early Pleistocene. These differences
partly explain why we obtained somewhat larger sensitivity magnitudes than Chalk
et al. (2017) when using their York regression method with model CO2 (see Section
5.43.4.1). The fact that differences in the range of CO2 values in the δ11 B-based values relative to either the ice-core or model values are similar over the late Pleistocene
is expected on account of our model being conditioned on ice-core CO2 . Furthermore, that the differences in CO2 ranges between model and δ11 B-derived values are
similar in both the early and late Pleistocene is consistent with much of the proxymodel disagreement arising from systematic proxy bias. In particular, Chalk et al.
(2017) notes that a more complete treatment of the relationship between alkalinity and pH would somewhat reduce the glacial-interglacial range in the δ11 B-based
estimates.

3.4.3 Interpreting the regolith hypothesis in the context of proxy
CO2 reconstructions
Geologic evidence suggests that the maximal extent of early-Pleistocene ice sheets
was similar to that of late-Pleistocene ice sheets despite their containing smaller ice
volume. Glacial tills as far south as Iowa (Boellstorff, 1978; Boellstorff and Te Punga,
1977) and meltwater events in Gulf of Mexico δ18 O records (Joyce et al., 1993; Shakun
et al., 2016) support a low-lying early Pleistocene Laurentide that flowed rapidly
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and spread across a large area (Clark and Pollard, 1998). Repeated glacial advance
and retreat could have stripped upper North America of its regolith, leading to
greater friction at the base of the ice sheet and causing it to grow thicker relative
to its length (Clark and Pollard, 1998).
We use our model to investigate the implications of regolith removal for inferences of early-Pleistocene CO2 levels. We emphasize, however, that by adopting sea
level as an input we do not address the root causes of glacial intensification through
the Pleistocene. It is possible to simulate thin, expansive early-Pleistocene ice sheets
by specifying a basal shear stress that increases from 25 kPa to 100 kPa across a transition centered at 1 Ma (Figure 3.7a,b). In this case, the sea-level sensitivity increase
across the Mid-Pleistocene Transition primarily arises not from an ice-albedo feedback, but because a given CO2 -induced change in the ice-line has greater consequences for sea level when the ice sheet becomes thicker.
The regolith hypothesis has implications for early-Pleistocene CO2 values inferred by our model because lower CO2 levels are required to generate low-latitude
ice-lines (Figure 3.7c). Specifying τ = 25 kPa gives an average early-Pleistocene CO2
of 229 ppm (227 ppm - 230 ppm), compared to a value of 243 ppm (241 - 246) when
retaining τ = 100 kPa. These lower values imply similar early- and late-Pleistocene
mean CO2 levels under the regolith hypothesis and induce a modest average difference of 24 ppm relative to δ11 B-derived reconstructions in the early Pleistocene
(Figure 3.7c). This difference does not necessarily imply that regolith removal is unlikely to have occurred and can be explained in several ways. First, subtracting the
9 ppm offset between the δ11 B-derived and ice-core CO2 values would already reduce the discrepancy to 15 ppm. For the remaining CO2 difference, there are several
plausible explanations.
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Figure 3.7: Consequences of changing the ice-sheet basal conditions for early-Pleistocene iceline and CO2 . (a) Two scenarios for the Mid-Pleistocene Transition. A first case is the assumption
of a constant basal shear stress of 100 kPa (blue). A second case is that, in accord with Clark and
Pollard (1998), basal shear stress increased from 25 kPa to 100 kPa across a transition centered
at ∼1 Ma (orange). (b) Ice lines implied by the two basal shear stress scenarios. Early-Pleistocene
ice-sheets are thinner and more extensive if assuming a lower basal shear stress (blue), with a value
of 25 kPa giving similar early- and late-Pleistocene glacial-stage ice-lines. (c) Model CO2 levels in
the two scenarios (maximum-likelihood parameters in bold, with 95% of model estimates in the
shaded region). Lower CO2 values are required to explain the lower ice-lines implied by thin earlyPleistocene ice sheets, leading to greater disagreements with δ11 B-derived CO2 reconstructions in
comparison to an assumption of a constant τ (yellow, Chalk et al. (2017); green, Dyez et al. (2018);
purple, Hönisch et al. (2009)).
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One factor is that early Pleistocene sea-level records are uncertain, and we have
used just one reconstruction. Our model can produce both ice-lines and average
CO2 values that are in keeping with the regolith hypothesis if, for example, sea level
averages 12 m higher than in Siddall et al. (2010) and basal shear stress averages 15
kPa in the early Pleistocene. Such a revision implies closer agreement of sea level
with estimates by Rohling et al. (2014), whose reconstruction averages 21 m higher
than Siddall et al. (2010) across 2-1 Ma.
A second obvious possibility is that shortcomings in our model play a role, particularly because a number of simplifications were made to permit solving it efficiently for purposes of Bayesian sampling. We reduced the process of ice-sheet
growth and decline to a linear scaling with temperature at the ice-margin and assumed that the ice-sheet retains the aspect ratio set by the basal shear stress parameter. We excluded the effects of delayed isostatic rebound on ablation rates (Pollard,
1982), as well as calving (Pollard, 1983a) or any thermodynamic considerations such
as melting at the base of the ice sheet (Jenson et al., 1996), all of which could lead to
greater ice-sheet disequilibrium than we have considered here. Our model may also
overstate the importance of a low-latitude Laurentide for the planetary abedo – and
therefore for CO2 levels – because the position of the Eurasian ice sheet, sea ice, and
variations in land-cover would all have played a role.
A third possibility is that the Laurentide did not actually attain similar glacial
ice-lines in the early and late Pleistocene. Balco and Rovey (2010) propose that
absolute dating of tills supports an expansive Laurentide only immediately after
Northern Hemisphere glacial intensification and that ice-sheet advances between
between 2 and 0.75 Ma are not, on average, consistent with lower-latitude earlyPleistocene ice margins. Greater consistency between a version of the regolith hy-
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pothesis and δ11 B-based CO2 reconstructions could thus be achieved if a milder or
more gradual change in basal conditions took place than those required for consistent ice-lines through the entire Pleistocene. An intermediate scenario is that the
early-Pleistocene Laurentide might have episodically expanded to large areas, consistent with intermittent early-Pleistocene meltwater events identified in Gulf of
Mexico δ18 O records (Joyce et al., 1993; Shakun et al., 2016).
A combination of factors is also plausible. Notably, Willeit et al. (2019) simulated ice-sheets that scour regolith while also producing sea level that averages ∼20%
higher than in Siddall et al. (2010) across 2-1 Ma. The model retained early Pleistocene ice margins that, when averaged across longitudes, were substantially higherlatitude than in the late Pleistocene, implying a combination of ice-sheet thickening
and geographic expansion occurred across the middle Pleistocene. Higher earlyPleistocene sea level was, however, achieved by way of an imposed CO2 trend and
required early-Pleistocene CO2 levels averaging 266 ppm that are at odds with δ11 B
reconstructions, especially in light of evidence that δ11 B CO2 proxy values may be
biased modestly high.

3.5

Conclusions

Several climate feedbacks and nonlinearities that govern the sea-level response to
CO2 radiative forcing on glacial-interglacial timescales, such as ice-albedo feedbacks
(Budyko, 1969; Milanković, 1941) and power-law scaling of ice-sheet volume with
length (Weertman, 1976), are well-established in theory. Their actual manifestation
in early Pleistocene climate is not obvious, however, because neither the ages nor
magnitudes of sea level or CO2 are well constrained during that interval. Indeed,
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several foregoing attempts to reconstruct early-Pleistocene CO2 use scaling constants or aggregate feedback factors (Berends et al., 2020; Stap et al., 2016; Van de
Wal et al., 2011) for lack of means to identify more precise relationships. Given the
uncertainties, it is not surprising that explanations for changes in sea-level sensitivity to CO2 forcing across the Mid-Pleistocene Transition (Chalk et al., 2017; Dyez
et al., 2018) have not been statistically tested.
A Bayesian analysis of late-Pleistocene sea level and CO2 suggests that increases in
sea-level sensitivity through the Pleistocene are a natural consequence of ice-sheets
growing more expansive. The primary implication of our result is that there need
not have been a change in the processes governing the ice-sheet sensitivity to radiative forcing over the last 2 My, but rather, that feedbacks inherent to the climate
amplified when ice-sheets began to vary with greater amplitude after ∼1 Ma. The
processes involved are clarified by our having jointly inferred sea level and CO2
ages with physical parameters in our model. Inferred ages are necessarily sensitive
to model restrictions and simplifications, and future work could more explicitly
consider depth-age relationships in ice and sediments, but the present approach is
arguably more complete than orbital-tuning methods that assume a constant phase
relative to orbital forcing and do not account for CO2 .
The record from Siddall et al. (2010) that we use for conditioning the model
agrees broadly with multiple other Pleistocene sea-level reconstructions (Berends
et al., 2020; Bintanja and van de Wal, 2008; De Boer et al., 2010; Van de Wal et al.,
2011; Willeit et al., 2019), but there are two potentially important further considerations. First, in assuming a fixed nonlinear relationship between δ18 O and sea level
over time, the record of Siddall et al. (2010) does not account for possible changes in
this relationship that could, for example, arise if ice sheets were thinner in the early
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Pleistocene. For example, a shift toward lower fractionation of δ18 O during ice ages
would imply larger sea level changes and larger-amplitude changes in CO2 .
Second, two other sea level reconstructions suggest early Pleistocene sea level
could have reached 20-50 meters higher than the present (Elderfield et al., 2012;
Rohling et al., 2014). Given that Greenland and ice caps collectively contain approximately 8 meters of sea-level-equivalent ice, the records of Elderfield et al. (2012)
and Rohling et al. (2014) imply substantial Antarctic melting in the early Pleistocene. Foregoing studies suggest that even in the late Pleistocene, Antarctica might
have been responsible for 10-15% of glacial-interglacial ice-volume change (Dutton
et al., 2015; Simms et al., 2019). In order to represent these possibilities, our model
could be extended to include multiple ice sheets, Southern Hemisphere insolation forcing, and a parameterization for the grounding line of marine ice sheets.
Although we cannot rule out the relevance of such factors, we suggest that the excellent fit between modeled and observed CO2 during the early and late Pleistocene
suggests that major additions to our model are not required.
That changes in the dynamics controlling glacial cycles, including changes in the
frictional coupling at the base of the ice sheet, are unnecessary for explaining earlyPleistocene CO2 does not preclude their having occurred, of course. They may have
been involved in causing glacial intensification or ∼100 ky cycles in the late Pleistocene, the origins of which we have not investigated in this study. A role for regolith removal in sea-level sensitivity changes would, however, likely imply that
early-Pleistocene sea levels were higher than those reported in Siddall et al. (2010),
possibly closer to those reported in Rohling et al. (2014).
The discrepant climate states implied by different sets of observations appear to
present an opportunity for better constraining the Pleistocene progression of sea
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level and CO2 . It may be possible to identify the most likely combinations of icesheet geographic extent, sea level, and CO2 in the early Pleistocene by extending our
Bayesian framework to evaluate a more comprehensive collection of constraints.
These would include, in particular, CO2 measurements from Allan Hills blue ice
(Higgins et al., 2015; Yan et al., 2019), the ages and locations of dated tills (Balco and
Rovey, 2010), and a more comprehensive set of sea level records.

3.6
3.6.1

Appendix
Sampling from the joint posterior distribution

The Bayesian methodology is written in Matlab expressly, and no external packages
or software are used for inference. The approach we use to sample the physical and
age parameters follows Goodman and Weare (2010) and employs an ensemble of K
chains that explore the parameter space. A vector of parameter values is initiated for
each of the K samplers, θk for k = 1, 2, ..., K. At each iteration of the algorithm and
for each k, a new proposed parameter vector, denoted θ̂k , is generated and either
accepted or rejected on the basis of its posterior probability. The proposal is computed by multiplying a step size, randomly drawn from a proposal distribution,
with the distance between the most recent value of θk , denoted θ̃k , and the most
recent value of another sampler, θ̃j , where j is randomly selected from the complementary set of samplers (i.e., all samplers where j ̸= k). The move is taken from the
complementary sampler θ̃j :
θ̃k → θ̂k = θ̃j + Z(θ̃k − θ̃j ).
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(3.14)

θ̂k indicates the proposed new position of θj , and Z is a random draw from the pro-

posal distribution g(Z = ζ), where g(ζ) must be symmetric, i.e. Pr(θ̃j → θ̂k ) =
Pr(θ̂k → θ̃j ).

A commonly used proposal distribution (Goodman and Weare, 2010),

and the one we use here, is

g (ζ ) ∝




 ζ − 1 /2

if ζ ∈ [ 1a , a],



0

otherwise.

(3.15)

Here a is a scaling parameter that influences convergence rate but not the result and
must be greater than 1. We specify a = 2.5, chosen so that jumps are sufficiently large
to escape local minima but not so large as to consistently preclude acceptance. The
candidate vector θ̂k is accepted with probability
(
min 1, Z

m−1 Pr(θ̂k |

)

[C])
,
Pr(θ̃k |[C])

(3.16)

where m is the dimensionality of the parameter space. If accepted, we set θ̃k = θ̂k ,
otherwise we leave θ̃k unchanged.

3.6.2

Inference of the error properties

The error between observed and modeled CO2 , denoted ε, is represented as a firstorder autoregressive process,
εt = ρεt−1 + ψt ,

(3.17)

where ψ ∼ N (0, σ2 ). The likelihood is the multivariate normal probability density
with zero mean and AR(1) covariance matrix whose entries i, j are σ2 ρ|ti −tj | /(1 − ρ2 ).
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The autoregressive parameter ρ and error variance σ2 are inferred using a Gibbs
sampling approach. When a candidate set of physical and age parameters is accepted in the random-step stage of the algorithm, a new value for each of the hyperparameters within the same chain is drawn from their conditional posterior distributions before proceeding to new proposals for θk . The full conditional posterior
distributions for ρ and σ2 are (Gelman et al., 2013; Tsay, 2005):
([ ∑
] −1 [ ∑ n
] −1 )
n
2
2
ε
ε
t =2 t
∑ n t =2 t + β 1
ρ|ε, σ2 ∼ N[−1,1]
,
+ β2
σ2
ε
ε
t
t
−
1
t =2

(3.18)

and
(
2

σ |ε , ρ ∼ Γ

−1

∑
n
+ β3 ,
( ε t − ρ c ε t − 1 ) 2 /2 + β 4
2
n

)
.

(3.19)

2

N[−1,1] indicates truncation of the Normal distribution at [−1, 1], and β1 and β2 are

respectively the prior hyperparameters for the mean and variance of ρ. Γ−1 is the
inverse-Gamma distribution and β3 and β4 are prior hyperparameters.

3.6.3 Data interpolation, timesteps, and processing of posterior
samples
For purposes of model-data comparison, sea-level and CO2 data are placed on a
common time vector with 2-ky timesteps. The chosen timestep reflects a balance
between computational efficiency, resolution of the data series, and independence
of sequential points. To avoid aliasing the CO2 record, the ice-core measurements
are first interpolated to a fine grid with 0.1 ky timesteps and smoothed with a 2 ky
low-pass filter before downsampling to the 2 ky timesteps. To reduce numerical er-
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ror, the step involving estimation of CO2 from sea level is solved with timesteps of
0.2 ky, or ten times the resolution of that used for calculating likelihoods from the
model output and observations. If a sea-level input value is outside the model domain – for example, if sea level is too high to be explained by Northern Hemisphere
ice-sheet behavior alone – the model returns no solution.
The sampling algorithm is run until 3 × 105 parameter combinations are accepted.
Chains are combined into a single posterior distribution, and the first 2 × 105 samples are discarded as a “burn-in” interval. Nine in every ten samples thereafter are
discarded to reduce autocorrelation between successive samples. The final joint
posterior distribution retains 104 samples after removal of the burn-in interval and
thinning.

122

123

Description
Outgoing longwave radiation parameter
Climatic precession phase
Precession amplitude coefficient
Obliquity amplitude coefficient
Ablation sensitivity
Ice-free surface albedo
Ice albedo
Equilibrium ice-line temperature
Sea-level age-control parameter
Sea-level age-control parameter
Sea-level age-control parameter
Sea-level age-control parameter
Sea-level age-control parameter
Sea-level age-control parameter
Sea-level age-control parameter
Sea-level age-control parameter
CO2 age-control parameter
CO2 age-control parameter
CO2 age-control parameter
CO2 age-control parameter
CO2 age-control parameter
CO2 age-control parameter
CO2 age-control parameter
CO2 age-control parameter
Description
Error autocorrelation parameter
Error variance
Description
CO2 reference concentration
Insolation coefficient
Solar constant
CO2 radiative forcing
OLR Parameter
Heat flux coefficient
Basal shear stress
Upper terminus position of ice sheet
Ice-sheet fraction of Earth circumference
Gravitational acceleration
Ice density
Seawater density
Ocean area

Hyperparam.

Constant
[Co ]

s
S0
A1
B
M
τ
xn
fl
g
ρi
ρw
ao

ρ
σ2

A0
φ
ηp
ηo
p
α1
αi
z
k1
k2
k3
k4
k5
k6
k7
k8
q1
q2
q3
q4
q5
q6
q7
q8

Param.

ms−2
kgm−3
kgm−3
m2

sin(◦ )

Wm−2
Wm−2
Wm−2 ◦ C−1
Wm−2 ◦ C−1
kPa

Units
ppm

Units
ppm2

Wm−2
Wm−2
degrees2 ky−1 ◦ C−1
◦
C
ka
ka
ka
ka
ka
ka
ka
ka
ka
ka
ka
ka
ka
ka
ka
ka

◦

Units
Wm−2

Sima et al. (2006)

Lindzen and Farrell (1977)
Kopp and Lean (2011)
Myhre et al. (1998)
North (1975b)
Chỳlek and Coakley (1975)
Weertman (1976)
Batchelor et al. (2019)

Reference

Conjugate Prior
Truncated normal
Inverse-Gamma

Prior
Normal
Uniform
Uniform
Uniform
Uniform
Uniform
Uniform
Normal
Normal
Normal
Normal
Normal
Normal
Normal
Normal
Normal
Normal
Normal
Normal
Normal
Normal
Normal
Normal
Normal
Prior hyperparam.
β 1 = 4, β 2 = 1
β 3 = 0, β 4 = 0

μ = 100, σ = 6
μ = 200, σ = 6
μ = 300, σ = 6
μ = 400, σ = 6
μ = 500, σ = 6
μ = 600, σ = 6
μ = 700, σ = 6
μ = 800, σ = 6
μ = 100, σ = 6
μ = 200, σ = 6
μ = 300, σ = 6
μ = 400, σ = 6
μ = 500, σ = 6
μ = 600, σ = 6
μ = 700, σ = 6
μ = 800, σ = 6

0.15, 0.5
0.4, 0.95
μ = −10, σ = 5

8 × 10−3 , 8 × 10−2

Prior parameters
μ = 211, σ = 10
-180,180
0, 10
0, 10

360.5 × 1012

Value
278
-0.482
1360.8
-5.35
1.55
4.05
100
0.97
0.5
9.81
910
1000

Posterior median (95% c.i.)
0.19 (0.10 - 0.28)
145.6 (118.8 - 179.8)

Posterior median (95% c.i.)
210.7 (190.8 - 229.6)
18.9 (-12.7 - 39.8)
0.96 (0.72 - 1.22)
0.94 (0.67 - 1.25)
7.96 (7.80 - 8.00) ×10−2
0.30 (0.21 - 0.38)
0.80 (0.79 - 0.82)
-9.7 (-19.3 - -0.6)
-102.1 (-104.8 - -99.5)
-200.5 (-201.7 - -198.1)
-301.7 (-304.4 - -298.7)
-421.7 (-424.8 - -418.0)
-505.4 (-507.7 - -502.9)
-602.9 (-605.2 - -600.1)
-702.7 (-704.8 - -700.0)
-798.6 (-803.6 - -790.2)
-103.5 (-107.0 - -100.8)
-194.8 (-197.3 - -192.2)
-303.9 (-307.2 - -300.8)
-418.4 (-422.3 - -413.5)
-481.1 (-491.0 - -477.5)
-602.0 (-605.3 - -598.9)
-706.2 (-709.1 - -703.0)
-812.2 (-820.9 - -803.0)

Table 3.1: Prior and posterior distributions for the parameters in the Bayesian sea-level and CO2 model, as well as values of the constants used.

4
An ensemble estimate of CO2 levels for the last 2 million
years

Abstract
Paleoclimate records indicate that the sensitivity of the global ice volume to changes
in CO2 remained stable over the last 800 ky. The response of global climate to to
CO2 earlier in the Pleistocene is more uncertain, however, principally owing to a
paucity of observational constraints on CO2 and sea level. In this study we examine a hypothesis that the relationship between CO2 and sea level remained mechanistically consistent through the Pleistocene. We use a recently-developed paleoclimate model that is optimized for Bayesian inversion to estimate CO2 conditional on sea level over the Pleistocene. Seven different sea-level reconstructions
are evaluated in relation to late-Pleistocene ice-core CO2 . The resulting statistical
relationships used to obtain an ensemble of early-Pleistocene CO2 estimates on
the basis of sea-level in the earlier epoch under an assumption of unchanging dynamics over the last 2 My. Five of the ensemble members indicate that CO2 in the
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early Pleistocene, 2-1 Ma, averaged 242 ppm (95% of values between 204 ppm and
280 ppm), where our estimates account for contributions from orbital forcing,
ice-albedo and other feedbacks, as well as age uncertainties. After accounting for
bias relative to late-Pleistocene ice cores, early-Pleistocene CO2 reconstructions derived from foraminiferal δ11 B average 237 ppm (95% of values between 195 ppm and
273 ppm), in agreement with our model results. We additionally test model CO2
against 60 CO2 measurements from air trapped in discontinuous ice segments from
the Allan Hills, East Antarctica. When accounting for higher accumulation rates in
interglacials relative to glacials, a random sampling of our model CO2 with the same
number of observations as the Allan Hills data would be expected to yield ten lowest and highest CO2 values averaging 218 ppm and 272 ppm, closeling aligning with
values of 219 ppm and 269 ppm from the Allan Hills data. The other two ensemble members alternatively indicate that sea-level was 20-50 meters higher during the
early Pleistocene and would require major changes in the dynamics controlling icesheet sensitivity over the Pleistocene in order to be consistent with available CO2
data. The close correspondence between CO2 and sea-level indicators across the majority of the ensemble favors stable ice-sheet dynamics over the Pleistocene, with
the caveat that major changes would be required if early Pleistocene sea level was, in
fact, substantially higher.

4.1 Introduction
The first reconstructions of atmospheric composition over multiple glacial-interglacial
cycles derived from the Vostok ice cores (Petit et al., 1999) revealed a close relationship between atmospheric CO2 and and global climate over at least the past
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400,000 years. Atmospheric CO2 periodically decreased from ∼280 ppm to ∼180
ppm over periods of 80 - 100 ky before abruptly rising back to interglacial levels in
10 ky or less, following the same sawtooth-like pattern that preceding studies had
identified in the benthic δ18 O proxy for global ice-volume and deep-ocean temperature (Hays et al., 1976; Imbrie and Imbrie, 1980). The close coupling of CO2 and ice
volume gave insight, albeit over a limited time inveral, into the sensitivity of past climate. Importantly, a subsequent extension of the ice-core record to 650 ka (Siegenthaler et al., 2005) revealed that the slope of the relationship between CO2 and δD,
an air temperature proxy,remained consistent through at least 650 ka, and a similar
finding was made when the ice-core record was eventually extended to 800 ka Lüthi
et al. (2008), its current extent.
The stability of the CO2 -climate relationship through the late Pleistocene might
suggest similar coupling in earlier epochs, but interpretation of early-Pleistocene
climate sensitivity is complicated by the fact that early-Pleistocene glacial cycles
have been described as fundamentally distinct from those of the late Pleistocene
(Opdyke, 1976; Ruddiman et al., 1989; Shackleton and Opdyke, 1977). Whereas
late Pleistocene ice ages feature a strong ∼100 ky component and follow a sawtooth
pattern, their early-Pleistocene counterparts appear to mainly follow variations
in obliquity at the 41-ky period (Huybers, 2006, 2007; Raymo et al., 2006), and
have smaller amplitude (Siddall et al., 2010) and greater symmetry (Ashkenazy and
Tziperman, 2004). Specific evidence of changes over time in the CO2 -climate relationship comes from CO2 reconstructions derived from foraminiferal Boron isotope ratios that indicate sea-level responded less sensitively to CO2 radiative forcing
in the early Pleistocene than in the late Pleistocene (Chalk et al., 2017; Dyez et al.,
2018).
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Figure 4.1: Seven sea-level reconstructions used in the inverse model to estimate atmospheric CO2 levels through the Pleistocene.
For visual clarity, each reconstruction is offset from that above it by 50m, and dotted lines indicate present-day sea level. Only the
estimates of Elderfield et al. (2012) and Rohling et al. (2014) estimate sea-levels that are substantially higher than that of the present
day at any time during the Pleistocene.
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There are several indications that glacial-cycle characteristics did not change as
much across the Middle-Pleistocene Transition (Clark et al., 2006) as has been
previously been described. In addition to obliquity variations, early Pleistocene
glacial cycles have been shown to contain both significant climatic precession variability (Liautaud et al., 2020; Lisiecki and Raymo, 2007) as well as ∼100 ky cycles (Caballero-Gill et al., 2019; Clemens and Tiedemann, 1997; Imbrie et al., 2011;
Lisiecki, 2010; Meyers and Hinnov, 2010), similar to the late Pleistocene. Although
appearing with smaller amplitude than in the late Pleistocene, the epochs of ∼100
ky cycles consistently appear under conditions of large-amplitude orbital forcing,
suggesting similar mechanisms controlling their appearance across the entire Quaternary (Liautaud and Huybers, 2021).
In a previous study, we inverted a model for the relationship between orbital
variations, CO2 , and sea-level, using a Bayesian approach to infer probabilities for
its parameter values. We showed that changes in sea-level sensitivity to CO2 forcing through the MPT can be fully explained by ice-albedo feedbacks and nonlinear scaling of ice-sheet volume with length as ice sheets grew larger through the
Pleistocene (Liautaud and Huybers, in press), without requiring a change in dynamics over time. Liautaud and Huybers (in press) did not attempt to make a full
prediction of early-Pleistocene CO2 levels, however, owing to at least two important sources of uncertainty. First, the early-Pleistocene sea-level curve from which
CO2 is inferred is itself highly uncertain, and the study only considered one possible sea-level trajectory (Siddall et al., 2010). Second, the δ11 B-based CO2 estimates
against which the model is compared are few in number, and feature large uncertainties and bias relative to ice cores where they overlap (Chalk et al., 2017; Dyez
et al., 2018; Hönisch et al., 2009). This makes the prediction hard to test using δ11 B-
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based reconstructions alone. In this study, we extend up the results of Liautaud
and Huybers (in press) to make a more complete prediction that addresses these
two considerations. We first condition the model upon a multitude of previouslypublished sea-level reconstructions and explore the implications of these different
reconstructions for predictions of early-Pleistocene CO2 . Second, we compare the
collection of early-Pleistocene CO2 predictions to ice-core measurements from the
Allan Hills Blue Ice Area (BIA) in East Antarctica (Yan et al., 2019), to complement
the δ11 B-derived data. Though discontinuous and sparse, use of the BIA data is advantageous in that they feature small measurement uncertainties and, therefore,
provide an additional test of inferred CO2 levels.

4.2 Data
4.2.1

Sea-level data

Inferences of CO2 are made on the basis of seven different sea-level reconstructions
that extend into the early Pleistocene (Figure 4.1). Rohling et al. (2014) converts
δ18 O of planktonic foraminifera to relative sea level using a hydraulic model of

the Mediterranean, from which the δ18 O record they use was obtained. Elderfield
et al. (2012) estimates the temperature component of benthic δ18 O on the basis of
foraminiferal Mg/Ca ratios, and subtracts it from δ18 O to obtain an estimate of its
ice-volume component. In Siddall et al. (2010) a piecewise-linear transfer function
is developed for the relationship between δ18 O and global sea level by comparing a
set of independent sea-level markers against coeval δ18 O levels, and linearly interpolating between the pairs of observations. δ18 O through the Pleistocene is converted
to sea level under an assumption that this relationship remained stationary over the
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past 5 million years.
Wherease the reconstructions of Rohling et al. (2014), Elderfield et al. (2012), and
Siddall et al. (2010) exclusively use observational constraints, those of Bintanja and
van de Wal (2008), De Boer et al. (2010), Van de Wal et al. (2011), and Berends et al.
(2020) use earth-system models to estimate the global ice-volume component of
δ18 O. Bintanja and van de Wal (2008) models the effect of changes in atmospheric

temperatures on ice volume using a three-dimensional ice-sheet model, and their
effect on deep-water temperature using a simple linear scaling. Sea-level is reconstructed using an inverse approach in which changes in Northern Hemisphere air
temperature implied by changes in δ18 O are propagated into the ice-sheet and deep
ocean temperature models. De Boer et al. (2010) takes a similar approach but uses a
one-dimensional ice sheet, and the methods of Van de Wal et al. (2011) and Berends
et al. (2020) are analagous to that of Bintanja and van de Wal (2008) but where implied changes in atmospheric CO2 are additionally included in the inverse model
(see Appendix 4.6.2).
In the proxy-based reconstructions our model estimates the influence of physical processes, such as the ice-albedo feedback, on observed variability. We note,
however, that the model-based reconstructions already build in several of these
processes such that our inference incorporates the assumptions and uncertainties
present in the underlying generative model. Furthermore, because the parameters
in our model are constant over the inference interval, we exclude the reconstruction
of Willeit et al. (2019) from this study which specifies changes in both long-term
average CO2 and regolith removal over Northern Hemisphere land masses.
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4.2.2

CO2 data

Sea-level-based inferences of early-Pleistocene CO2 are compared against 60 CO2
measurements from trapped air bubbles in BIA ice cores that feature small magnitude uncertainties of ±∼2ppm. Samples have estimated age uncertainties of ±210
ky because the ice cores are stratigraphically discontinuous. Additionally, as in Liautaud and Huybers (in press), we compare model CO2 to a total of 199 foraminiferal
δ11 B-derived estimates spanning 2-0 Ma that are reported in Chalk et al. (2017),

Hönisch et al. (2009), and Dyez et al. (2018). The δ11 B-derived data are on th astronomicallycalibrated age models of continuous δ18 O records from the same sediment cores
and feature reported age uncertainties of ±6 ky. Uncertainties in the CO2 magnitudes are ±37 ppm and ±40 ppm for early- and late-Pleistocene reconstructions
from Chalk et al. (2017), ±33 ppm in Dyez et al. (2018), and ±38 ppm in Hönisch
et al. (2009).
Additional CO2 proxy estimates derived from sedimentary alkenone ratios (Seki
et al., 2010; Zhang et al., 2019), paleosols (Da et al., 2019), and stomatal density in
fossilized leaves (Bai et al., 2015; Stults et al., 2011) are excluded on the basis of data
paucity, large calibration uncertainties, and disagreement with late Pleistocene ice
cores.

4.3

Methods

Estimates of Pleistocene CO2 conditional on sea level are obtained using the inverse
model that is detailed in Liautaud and Huybers (in press) and briefly summarized
here. The relationship among orbital variations, atmospheric CO2 , and sea-level is
represented using a zonally-averaged energy-balance balance model that is paired
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with an ice sheet following a plastic rheology. The model is inverted to estimate
CO2 levels as a function of the ice-sheet length that is implied by the input sea-level:
ϕ = β0 + β1

dxs
dt

(4.1)

where ϕ = log([CO2 ]/278), xs is the latitude of the southern terminus of the ice
sheet. β0 and β1 are functions of eight physical parameters that include the ice-free
and ice-covered surface albedos, denoted α1 and αi ; temperature at which ablation
overtakes accumulation, z; an outgoing longwave radiation parameter, A0 ; the ice
sheet sensitivity to ablation, p; the amplitudes of obliquity and climatic precession
forcing, ηo and ηp ; and the precession phase, φ. β0 and β1 also depend on xs and several specified constants such as the ice-sheet basal shear stress and upper terminus
position of the ice sheet. Additionally, the relative ages of sea-level and CO2 have
important consequences for both implied orbital forcing and implied rates and
magnitudes of the ice-sheet response to CO2 changes. For this reason, sea-level and
CO2 ages are made flexible by interpolation between eight adjustable age-control
points placed at every 100 ky in both time-series.
A joint posterior probability distribution for the 8 physical parameters and 16 age
parameters is obtained using a hierarchical Bayesian sampling algorithm in which
model-data error is assumed to follow a first-order autoregressive process for which
the variance and degree of autocorrelation are inferred alongside model parameters. The inference procedure is repeated independently for each of the different
sea-level reconstructions described in section 4.2. To make an estimate of CO2 , parameters are drawn from the posterior distribution and used in combination with
the sea-level curve in question to comput ϕ. A complete description of the model
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and inference procedure is in Liautaud and Huybers (in press).

4.4 Results
4.4.1 Late-Pleistocene CO2 and comparison of posterior parameter values
When using the reconstructions of Siddall et al. (2010), De Boer et al. (2010), Bintanja and van de Wal (2008), Van de Wal et al. (2011), or Berends et al. (2020) as input into the inverse model, estimated CO2 cosely agrees with the ice-core record
in the last 800 ky (Figure 4.2). The standard deviation of the model-data error
ranges from 10.0 ppm (9.4 ppm - 11.2 ppm 95% c.i.) for estimates derived from the
record of Berends et al. (2020) to 16.2 ppm (14.5 ppm - 17.4 ppm) for those from the
record of Siddall et al. (2010). Slightly worse agreement with the ice-core record is
obtained if using the records of Elderfield et al. (2012) or Rohling et al. (2014), respectively giving error standard deviations of 16.8 ppm (15.9 ppm - 18.3 ppm) and
20.4 ppm (19.4 ppm - 22.0 ppm). Only a partial inference of CO2 is possible from
those records because they contain high sea levels that imply substantial Antarctic melting and are, therefore, outside the domain of our Northern Hemisphere
model.
The close covariance among different late-Pleistocene sea level estimates (Figure
4.1) leads to similar inferences of the relationship between CO2 and sea level with
substantial overlap among posterior distributions for the physical and age parameters (Figure 4.3 and Table 4.2). The ice-free surface albedo has a posterior median
within the interval 0.31±0.2 for every sea-level reconstruction except that of Bintanja and van de Wal (2008) at 0.39 (0.31 - 0.47). Posterior values for the ice albedo
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Figure 4.2: Pleistocene CO2 reconstructions estimated by Bayesian analysis of a simple inverse
climate model using different sea-level reconstructions as model input, and their 95% c.i. (shaded).
In five of seven cases, the inferred CO2 time-series agree with the late-Pleistocene ice-core record
(black) and broadly with δ11 B-derived reconstructions (blue markers) and the range of BIA measurements for the early and middle Pleistocene (black dashed lines). Note that no bias adjustments
have been applied here. Sea levels more than 8m above present-day are outside the model domain,
and where they occur in panels f and g we additionally show an extrapolation based on linear regression of sea-level against CO2 at values greater than 250 ppm (dash-dotted lines). In all panels,
colors indicate CO2 derived from the sea-level reconstructions of the same color in Figure 4.1.
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also agree, having median values between 0.76 and 0.80 across all sea-level reconstructions. Values also agree among models for the outgoing longwave radiation
parameter A0 , the ablation temperature parameter z, and the ablation sensitivity parameter p (Table 4.2). In these cases the agreement partly arises from those parameters being substantially influenced by their priors, but it was noted in Liautaud and
Huybers (in press) that expanding the priors for p, A0 , and z does not meaningfully
affect model CO2 values.
The inferred orbital forcing accounts for differences between the relative contribution of obliquity and precession in the sea-level curve versus that present in
ice-core CO2 . Collectively, the five sea-level reconstructions that can be fully evaluated – that is, all but those of Elderfield et al. (2012) and Rohling et al. (2014) –
broadly imply a combination of obliquity and climatic precession that lead to maximum melting when Northern Hemisphere summers are most intense, but there are
some important differences. An especially large obliquity forcing amplitude of 1.41
(1.16 - 1.69) is identified in the sea-level reconstruction of Bintanja and van de Wal
(2008), compared with an average of 0.85 (0.64 - 1.10) for the four other records.
In addition, relatively large climatic precession amplitudes of 0.95 (0.74 - 1.19) and
0.87 (0.73 - 1.25) are identified in the sea-level records of Bintanja and van de Wal
(2008) and Siddall et al. (2010), compared to smaller values of 0.33 (0.11 - 0.54) and
0.36 (0.13 - 0.58) for the records of De Boer et al. (2010) and Van de Wal et al. (2011),
and a particularly small precession contribution of 0.20 (0.03 - 0.44) for the record
of Berends et al. (2020). Whereas all models are fit to the same CO2 time-series, 20ky variability is clearly more prominent in some sea-level reconstructions than in
others (see Figure 4.1). Note that ηp and ηo have no units because the multiply normalized astronomical variables in the model.
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Figure 4.3: Prior and posterior probabilities for the physical and age parameters in the seven sea-level-based models described in
section 4.2. In most cases, the posterior distribution (colored lines) is well-constrained with respect to the prior (thick gray lines).
Similar posterior estimates among models reflect that many sea-level reconstructions share similar patterns over the late Pleistocene. Similar age adjustments are also observed among some models owing to several sea-level curves being derived from similar
δ18 O records on astronomically calibrated age models. In all panels, colors identify the sea-level curves labeled with the same color
in Figure 4.1. For visual purposes, the prior is truncated in some panels where it spans a greater range than posterior values.

Orbital amplitude estimates for the sea-level records of Elderfield et al. (2012) and
Rohling et al. (2014) are more uncertain than for other records on account of the
incomplete inference of late-Pleistocene CO2 (Figure 4.2f,g). These records respectively feature obliquity amplitudes of 1.45 (1.05 - 2.04) and 0.95 (0.55 - 1.35) and precession amplitude estimates of 0.31 (0.028 - 0.82) and 0.57 (0.08 - 0.97). In both of
these sea-level records, unlike in the five other records, the precession phase cannot
be well-identified: posterior values are at 85.1 (-92.2 - 145.6) for Elderfield et al. (2012)
and -66.8 (-145.7 - 124.0) for Rohling et al. (2014).
The smaller climatic precession component in the sea-level estimates of Van de
Wal et al. (2011), Berends et al. (2020), and De Boer et al. (2010) may partially be due
to their being derived from composite averages of δ18 O records. This averaging may
smooth away some precession variability because age errors have relatively greater
phase impact in precession than in obliquity due to its shorter period (Huybers and
Wunsch, 2004; Liautaud et al., 2020). The reconstruction of Siddall et al. (2010)
is less susceptible to this problem, for example, because it is derived from a single
East Pacific Pacific δ18 O record. Although that of Bintanja and van de Wal (2008) is
from a composite record and retains substantial precession variance, it uses a more
sophisticated ice-sheet representation than other reconstructions and may therefore
more completely capture the geographic and seasonal effects of precession.
For the most part, relatively minor age adjustments within two standard deviations of the priors or less are needed to achieve an approximately consistent phase
relationship between sea-level and CO2 over time (k1 to k7 for sea-level age parameters and and q1 to q7 for CO2 age parameters in Figure 4.3; see Table 4.2). In some
cases adjustments do not represent random age error but are systematic across multiple records. k3 and k4 are both adjusted to be older than prior ages, and q2 and q3
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are respectively inferred to be younger and older than prior ages, across the different
models. The consistency of age adjustments among different models is expected on
account of all of them having astronomically calibrated prior age models and several
being derived from the same δ18 O record.
Some notable differences in inferred age adjustments among records are nonetheless present. k4 and k5 being revised to substantially younger ages, and q4 and q5 being adjusted to older and younger ages, in the reconstruction of Siddall et al. (2010)
(green curves in Figure 4.3). This discrepancy is due to assignment of a uniquely
late age for termination 5 in this record, and we note that the inferred age adjustment brings its age model into greater consistency with other records (see Liautaud
and Huybers (in press)). k6 in the record of Rohling et al. (2014) has two modes,
one centered at ∼605 ka and a second at ∼623 ka, the latter being four standard deviations from the prior mean. The age uncertainty here is unsurprising because
CO2 model estimates are absent at a large fraction of neighboring ages owing to
high sea-level values that are outside of the model domain. For the record of Elderfield et al. (2012), k2 is inferred to be substantially older than the prior mean at 214.4
ka (200.4 ka - 217.4 ka) and q2 substantially younger at 179.4 ka (174.6 ka - 187.3 ka),
adjustments that span a full obliquity cycle. The ∼100 ky cycle is very weak at this
age in this sea-level record (see brown curve in Figure 4.1), producing a poor match
of sea-level-based model CO2 with ice-core CO2 in which the ∼100-ky cycle is more
prominent, and leading to a seemingly unlikely age inferece involving large orbital
phase adjustments. This issue does not arise in the other sea-level records because
those more completely represent the two ∼100-ky cycles spanning ∼340 ka to ∼120
ka.
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4.4.2 Predictions of early-Pleistocene CO2
There are two broad patterns of Pleistocene sea-level variation among the seven reconstructions that we use in this study, and they have diverging implications for the
trajectory of Pleistocene CO2 levels. According to one group of reconstructions –
the first five displayed in Figure 4.1 – early-Pleistocene sea level varied with smaller
amplitude than in the late Pleistocene. Glacials were milder with smaller ice sheets,
but interglacials retained similar sea level as in the later interval. An alternative perspective, as proposed in the reconstructions of Elderfield et al. (2012) and Rohling
et al. (2014), suggests that interglacial sea-level was up to 20-50 meters higher in the
early Pleistocene than in the late Pleistocene and implies a gradual trend toward
overall colder average conditions as the Quaternary progressed. A similar pair of
contrasting proposals has been put forward regarding the evolution of Pleistocene
CO2 levels, with some studies invoking a gradual trend toward lower average CO2
(Willeit et al., 2019) and others suggesting only an intensification of glacials (Chalk
et al., 2017; Hönisch et al., 2009; Yan et al., 2019).
Among the five sea-level reconstructions with stable interglacial sea-level through
the Pleistocene, we find remarkably close agreement in inferred early-Pleistocene
CO2 levels. The average inferred CO2 between 2 and 1 Ma across these models has a
range of just 5ppm, from 241 ppm (239 ppm - 242 ppm) to 246 ppm (244 ppm - 248
ppm). Glacial-interglacial cycles also have similar amplitude across the five models:
the 10th percentile of CO2 levels ranges from 214 ppm (211 ppm - 216 ppm) to 217
ppm (214 ppm - 221 ppm), and the 90th percentile ranges from 264 ppm (261 ppm
- 267 ppm) to 272 ppm (268 ppm - 277 ppm). Additionally, all five sea-level reconstructions yield a higher mean in the 2.5-2 Ma interval relative to the 2-1 Ma interval,
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the difference averaging 14 ppm. The records of Berends et al. (2020) and Bintanja
and van de Wal (2008) also imply a 14% and 51% greater variance in 2.5-2 Ma relative to 2-1 Ma, whereas other records indicate a 36%-41% smaller CO2 variance in the
earlier interval.
Of course, it is unsurprising that similar sea-level reconstructions lead to inferences of similar CO2 levels. We also point out that the reconstructions of Van de
Wal et al. (2011) and Berends et al. (2020) are accompanied by their own estimates
of Pleistocene CO2 . When using the sea-level curve of Van de Wal et al. (2011) in
our inverse model, 95% of the CO2 values reported in their study fall within the the
95% c.i. of model CO2 over 2-0 Ma, and the two have a correlation of 0.86 (Figure
4.6a). For the data in Berends et al. (2020), these values are 82% and 0.84 (Figure
4.6b), but we note that the lower c.i. coverage for the latter record is due to small
disagreements in age rather than magnitude. These results indicate that our model
is successfully approximating the processes that generate the sea-level variations in
those reconstructions, and agreement between the multiple indepedent estimates
also supports a consensus prediction of early Pleistocene CO2 .
Because the domain of our model extends only to 8 meters above present-day sea
level, the sea-level reconstructions of Elderfield et al. (2012) and Rohling et al. (2014)
are too high throughout most of the early Pleistocene to yield a continuous CO2
inference. For this reason we do not provide detailed CO2 estimates from these
reconstructions, but we undertake an extrapolation procedure to indicate the approximate range of CO2 values they could imply. A linear regression is performed
of CO2 against sea level in late-Pleistocene interglacials, here defined as times when
CO2 exceeds 250 ppm. The regression relationship, having a slope of 1.1 m/ppm for
both records, is used to extrapolate CO2 when sea level is outside the model domain
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(dash-dotted lines in Figure 4.2). Over the 2-1 Ma interval of interest, extrapolated
CO2 reaches 384 ppm for the model based on Elderfield et al. (2012) 479 ppm for
the model based on Rohling et al. (2014). In the following we elaborate on how
these values, as well as those from the other sea-level reconstructions, compare to
observational constraints, and weigh the credibility and implications of each of the
CO2 estimates.

4.5 Discussion
4.5.1 Testing the model against BIA and δ11 B-derived CO2 data
We first consider the consistecy of high early-Pleistocene sea level (brown and pink
curves in Figure 4.1) with observational constraints on early-Pleistocene CO2 . The
BIA data in the early and middle Pleistocene range from 214 ppm to 279 ppm,
and the δ11 B-derived estimates in this interval range from 183 ppm to 327 ppm.
By approximation using the extrapolation method described in section 4.4.2, the
sea-level reconstructions of Elderfield et al. (2012) and Rohling et al. (2014) imply
early-Pleistocene CO2 that exceeds 350 ppm and may approach 500 ppm. These
results indicate a ∼50-200 ppm discrepancy between available constraints on earlyPleistocene CO2 and the CO2 levels implied by high early Pleistocene sea level in
our model. Given that our inference invokes an unchanging relationship sea level
and CO2 across the Pleistocene, these findings suggest that a major change in the
dynamics controlling ice-sheet sensitivity would likely need to have occurred in the
middle Pleistocene for the sea-level records of Elderfield et al. (2012) and Rohling
et al. (2014) to be consistent with available early-Pleistocene CO2 data.
We take advantage of the remarkable similarity among CO2 estimates for the five
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other sea-level curves to evaluate them together as an ensemble. 95% of inferred values between 2 and 0.8 Ma among these five models are between 206 ppm and 275
ppm, compared with values of 185 ppm (182 ppm - 200 ppm 95% c.i from a bootstrap) and 319 ppm (307 ppm - 326 ppm) in the δ11 B-based data that indicate greater
variability. It was noted in Liautaud and Huybers (in press) that the δ11 B-based values are biased relative to the less uncertain ice-core data on which the model is conditioned. As in that study, we repeat the model-proxy comparison after adjusting
the latter for its bias. All of the δ11 B-based data are scaled and shifted such that the
quasi-continuous late-Pleistocene CO2 reconstruction from Chalk et al. (2017) that
spans 257-0 ka has the same range as the ice-core data over the same interval. 95% of
the the bias-adjusted δ11 B-derived data vary between 195 ppm (193 ppm - 204 ppm)
and 273 ppm (266 ppm - 277 ppm), in closer agreement with the model. Notwithstanding a remaining difference of 11 ppm in the lower 2.5th percentile, we note that
the lowest model and δ11 B-derived CO2 values are identical at 181 ppm.
We now consider consistency of the ensemble CO2 prediction with the Allan
Hills data. The early- and middle-Pleistocene BIA data have an average value of
239 ppm (234 ppm - 243 ppm 95% c.i. from a bootstrap), close to the model ensemble value 241 ppm. The BIA samples agree better with the model ensemble in
interglacial CO2 than in glacial CO2 , however (Figure 4.4): the maximum value of
the BIA data of 279 ppm lies at 99th percentile of the model estimate across 2-0.8
Ma, whereas its minimum value of 214 ppm lies at the 9th percentile of the model.
Although these values are in general agreement and suggest broad consistency between the model and data, the small measurement uncertainties of the BIA data
motivate us to elaborate further upon the possible sources of model-data disagreement in glacial CO2 values.
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Figure 4.4: Agreement of the modeled early-Pleistocene CO2 with proxy reconstructions. The
distribution of model CO2 inferred from a collection of five different sea-level reconstructions
(stacked histogram) is similar to that of the δ11 B-derived estimates (gray histogram) after correcting the latter for bias relative to the late-Pleistocene ice-core record. Colors identify CO2 values
derived from sea-level curves labeled with the same color in Figure 4.1. For comparison, middleand early-Pleistocene data from the Allan Hills Blue Ice Area are also shown (black markers).
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Accumulation rates are substantially higher during interglacials because warmer
air holds more moisture (Parrenin et al., 2007), so that a random sample of ice in
depth would predominantly sample interglacial CO2 levels from interglacial times.
Foregoing studies have estimated East Antarctic interglacial accumulation rates
as being approximately two to four times greater than glacial accumulation rates
(Cauquoin et al., 2015; Parrenin et al., 2007; Siegert, 2003). As noted in Yan et al.
(2019), a relatively small sample, such as the 60 measurements reported in their
study, would be unlikely record the very lowest glacial CO2 levels. It follows that a
correct model prediction of early-Pleistocene CO2 should yield slightly lower glacial
CO2 values than found in the BIA data, as is evident in our results and in Figure
4.4.
To evaluate whether the magnitude of the disagreement betwen model and BIA
glacial CO2 is consistent with preferential sampling of interglacials, we simulate
temperature-dependent accumulation of ice using the continuous CO2 levels estimated by our model, then randomly sample 60 data points from the synthetic ice
core and assess their agreement with the BIA samples. That process is repeated for
every CO2 prediction in the posterior ensemble.
The accumulation rate, denoted A, increases with saturation vapor pressure, itself
increasing exponentially with temperature (Cauquoin et al., 2015). Previous studies (Bazin et al., 2013; Parrenin et al., 2007) have used a simple parameterization for
A based on changes in δD of the ice – a close proxy for local surface temperature –

where A = A0 exp(βΔD), A0 is present-day accumulation rate, and β is an adjustable
parameter. Motivated by the linear relationships between δD and local temperature (Siegenthaler et al., 2005) and simplicity, we adopt the similar parameterization
A = A0 exp (γRf ), where γ is a constant and Rf is the CO2 radiative forcing.
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Aγ

Figure 4.5: Agreement of model and BIA CO2 levels for the early Pleistocene when accounting for
temperature-dependence of accumulation rates. (a) Average error in the ten lowest and highest
CO2 values between the 60 BIA samples and 60 random samples from a synthetic ice core containing model CO2 values. γ represents the tendency for preferential sampling in warmer climates
and has an optimal value of 1.0 that implies accumulation rates that are 1.9 times greater in interglacials than in glacials (green solid and dashed lines, and marker). (b) Combined distribution for
draws of 60 random samples from every posterior CO2 time-series in the model ensemble, if either assuming a constant accumulation rate (blue) or higher interglacial accumulation rates with
γ = 1.0 (orange). Accounting for the preferential sampling of interglacials brings the distribution of
model CO2 into greater alignment with the range of BIA data (black lines).

value of zero implies a constant accumulation rate. We neglect A0 by setting it to 1
because it does not influence the relative probability of sampling from a glacial or
interglacial within the same depth profile and because absolute depth plays no role
in this test. The value of γ here is uncertain for several reasons, including that the
parameterization for A is a simplification of a more complete expression that contains saturation vapor pressure and that the temperature-accumulation relationship
is not spatially uniform but would depend on other factors, such as distance from
the coast and height of the ice sheet. For these reasons, we test a range of values for
γ between 0 and 2.

We are mainly interested in the likelihood of sampling the lowest CO2 extremes,
and therefore define a metric for model-data error as being the average of the ten
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smallest CO2 values among the 60 samples from the synthetic ice core minus the
average of the ten smallest in the BIA data. To account for possible changes in likelihood of sampling the highest values, the same computation is undertaken for the
ten highest CO2 values. An overall model-data error metric is defined as the average
of the upper and lower error metrics. We use model CO2 from a slightly expanded
time interval of 2.2 - 0.75 Ma to account for the large age-uncertainties of the BIA
data whose reported ages span 2 Ma - 0.95 Ma, but evaluating the 2-0.8 Ma interval
otherwise used in this study doesn’t qualitatively change our results.
The ten smallest and largest BIA values respectively average 218.7 and 268.8 ppm.
If using a constant accumulation rate by setting γ to zero, these values for the 60
model samples are 210.5 ppm and 266.0 ppm, implying a glacial error of 8.2 ppm
and average error of 5.5 ppm. These values are 218.3 ppm and 271.9 ppm if using a γ
of 1.0, implying an average error of 1.8 ppm against the BIA upper and lower values.
A value of 1.0 imply interglacial accumulation rates that are 1.9 times greater than
glacial accumulation rates (Figure 4.5) where, as in Yan et al. (2019), interglacials are
defined as times when CO2 exceeds 250 ppm for these purposes. We highlight the
close agreement of this ratio with foregoing accumulation-rate estimates. For example, Parrenin et al. (2007) and Cauquoin et al. (2015) note an approximate doubling of accumulation rates from ∼2 cm yr−1 during glacials to ∼4 cm yr−1 during
interglacials, implying a ratio of ∼2, and Siegert (2003) reports Holocene-LGM accumulation rate ratios of 1.8 at Vostok and 1.8-2.2 at Dome C. The fact that samples
from model CO2 values optimally match the interval spanned by the BIA data after incorporating realistic relative glacial/interglacial accumulation rates strongly
supports our estimates of early-Pleistocene CO2 .
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4.5.2 Further discussion and conclusions
Insomuch as a sea-level-based inference of atmospheric CO2 levels inherits the uncertainties of the input sea-level data, an ensemble approach that combines and
compares many different sea-level trajectories is advantageous. The fact that CO2
estimates derived from a consensus set of similar sea-level reconstructions are those
the best explain available early-Pleistocene CO2 data offers support for our CO2
prediction. We emphasize, as further support, the improvement in model-data
agreement after accounting for different sources of bias in two independent sets
of CO2 data.
Two sea-level reconstructions that are not part of our main prediction of earlyPleistocene CO2 levels (Elderfield et al., 2012; Rohling et al., 2014) propose earlyPleistocene sea levels as high as 50 meters above those of the present day. The trend
toward lower sea-level across the middle Pleistocene apparently implies a trend toward lower CO2 values as well (see Clark et al. (2006)), but studies invoking gradual
decreases in Pleistocene CO2 have overestimated early-Pleistocene CO2 relative to
observations Willeit et al. (2019). Indeed, Chalk et al. (2017), Hönisch et al. (2009),
and Yan et al. (2019) note that available data supports only a decrease in glacial CO2 ,
with relatively more stable interglacial values.
Perhaps a major difference exists between the early and late Pleistocene in how
ice sheets responded to radiative forcing that permitted relatively low CO2 and relatively high sea-level to co-exist in the earlier epoch. A commonly invoked dynamical difference between the early and late Pleistocene is that the possible presence
of a layer of deformable sediment over North America in the earlier epoch, which
would have supported thin, expansive ice sheets with low basal shear stress (Clark
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and Pollard, 1998). Because lower CO2 levels are required to extend ice sheets to a
lower latitude in our model, assuming expansive early-Pleistocene ice sheets would
lower the CO2 implied by the Elderfield et al. (2012) and (Rohling et al., 2014) sealevel reconstructions. It was shown in Liautaud and Huybers (in press), however,
that accounting for changes in regolith would only reduce early-Pleistocene CO2
inferences by 15-20 ppm, an insufficient difference to account for the 50-200 ppm
model-data disagreement.
A major caveat in our CO2 inference for the high-sea-level records is the exclusion
of Antarctic ice sheets. It is possible that our model overestimates the implied CO2 ,
for example, if Antarctica became very sensitive to increased radiative forcing above
a threshold CO2 level. Studies of the relationship between sea level and CO2 forcing
over long periods of earth history, however, indicate that such increased sensitivity does not activate until CO2 levels are above at least 400 ppm Van de Wal et al.
(2011), well outside the range of the δ11 B-derived and BIA data.
The consistency of the majority of the sea-level reconstructions with observational constraints on early-Pleistocene CO2 raises the possibility that Elderfield et al.
(2012) and Rohling et al. (2014) overestimate early-Pleistocene sea level. In particular, the reconstructions of Elderfield et al. (2012) is also subject to large uncertainties
in the Mg/Ca calibration used to deconvolve the ice-volume component of δ18 O,
and that of Rohling et al. (2014) does not account for possible regional tectonic effects on relative sea level. We concede nonetheless that the agreement of these two
independently-derived sea-level reconstructions constitutes material evidence for
high early-Pleistocene sea levels that warrants further investigation.
The main implication of our result is for the nature of the Mid-Pleistocene Transition. A paucity of early-Pleistocene CO2 data and a perspective that orbital vari-
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ations do not change across the MPT (Pisias and Moore, 1981) have underlain proposals that the MPT arose from changes in the climate response to radiative forcing, through mechanisms such as ice-sheet scouring of regolith or phase-locking
of an internal climate mode to orbital forcing. Our results support the converse of
this view, implying that the climate response to forcing remained stable through
the Pleistocene and that changes in the forcing – especially CO2 – shoulder responsibility for changes in glaciation. Proposals that changes in the amplitude of orbital forcing are involved in triggering ∼100-ky climate variability, either inversely
(Lisiecki, 2010) or directly (Liautaud and Huybers, 2021), further support a revised
description of the MPT as being driven by changes in climate forcing rather than
the climate response.
A central remaining research question is the origin of the declines in glacial CO2
and an accompanying increase in the period of CO2 cycles after the middle Pleistocene. The possibility of ice-core records that extend up to 1.5 My (Binder et al.,
2017), additional samples from the Allan Hills (Kurbatov et al., 2016), and improved calibration of the δ11 B-based and other proxy methods for reconstructing
CO2 , suggest that a more complete test of our early-Pleistocene CO2 prediction
may soon be possible.

4.6 Appendix
4.6.1 Model parameters
Table 4.2: Posterior parameter values, and their 95% c.i. in parentheses, for the Bayesian model
when using different sea-level reconstructions as input. Parameters are inferred over 800-0 ka.

Sea level:
A0

Bintanja and van de Wal (2008)
196.1 (178.8 - 214.0)
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De Boer et al. (2010)
209.6 (190.2 - 228.5)

Siddall et al. (2010)
210.3 (191.3 - 229.3)

ηp
ηo
α1
αi
φ
p
z
k1
k2
k3
k4
k5
k6
k7
k8
q1
q2
q3
q4
q5
q6
q7
q8

Sea level:

A0
ηp
ηo
α1
αi
φ
p
z
k1
k2
k3
k4
k5
k6
k7
k8
q1
q2
q3
q4
q5
q6
q7

0.95 (0.74 - 1.19)
1.41 (1.16 - 1.69)
0.39 (0.31 - 0.47)
0.78 (0.77 - 0.79)
28.5 (10.5 - 45.1)
0.077 (0.068 - 0.080)
-15.7 (-25.1 - -6.2)
-103.7 (-105.5 - -101.7)
-200.5 (-202.3 - -199.2)
-303.8 (-305.8 - -302.3)
-408.1 (-410.2 - -406.0)
-497.4 (-499.7 - -494.6)
-602.9 (-604.5 - -601.0)
-701.6 (-703.6 - -699.5)
-799.6 (-804.1 - -795.5)
-106.1 (-109.4 - -103.2)
-200.8 (-203.5 - -198.4)
-302.3 (-305.0 - -300.4)
-406.2 (-409.0 - -403.4)
-502.7 (-505.4 - -500.2)
-602.9 (-604.8 - -600.4)
-702.4 (-705.2 - -698.9)
-804.5 (-811.2 - -798.4)
Van de Wal et al. (2011)
206.6 (186.7 - 227.4)
0.36 (0.13 - 0.58)
0.88 (0.67 - 1.1)
0.33 (0.24 - 0.41)
0.76 (0.75 - 0.78)
-45.7 (-95.3 - 9.1)
0.078 (0.071 - 0.080)
-11.3 (-20.8 - -1.7)
-103.5 (-110.3 - -99.2)
-197.0 (-200.8 - -193.1)
-307.7 (-311.7 - -301.9)
-413.1 (-416.6 - -409.5)
-494.8 (-498.4 - -491.0)
-596.3 (-599.9 - -592.4)
-703.7 (-707.1 - -700.1)
-791.4 (-796.9 - -786.3)
-105.8 (-114.4 - -100.7)
-192.6 (-196.9 - -188.9)
-311.0 (-315.3 - -303.9)
-408.1 (-412.6 - -403.9)
-499.2 (-502.7 - -495.8)
-598.9 (-603.1 - -595.0)
-700.6 (-704.7 - -696.2)

0.33 (0.11 - 0.54)
0.76 (0.56 - 0.99)
0.31 (0.23 - 0.40)
0.76 (0.74 - 0.77)
-68.8 (-118.2 - -17.3)
0.077 (0.069 - 0.080)
-10.6 (-20.5 - -0.7)
-106.4 (-113.7 - -99.5)
-195.6 (-199.5 - -191.8)
-309.7 (-313.2 - -304.9)
-413.8 (-417.3 - -409.6)
-494.8 (-498.6 - -490.7)
-595.8 (-599.4 - -592.3)
-704.0 (-707.5 - -700.3)
-792.0 (-797.1 - -787.5)
-109.1 (-117.1 - -100.6)
-191.1 (-195.0 - -187.5)
-312.4 (-316.2 - -307.4)
-408.0 (-412.2 - -403.5)
-498.8 (-502.5 - -495.3)
-597.7 (-601.8 - -594.3)
-700.2 (-704.1 - -696.1)
-809.8 (-817.6 - -803.1)
Berends et al. (2020)
209.8 (190.3 - 228.4)
0.20 (0.03 - 0.44)
0.82 (0.64 - 1.04)
0.31 (0.22 - 0.40)
0.77 (0.76 - 0.79)
-2.5 (-72.5 - 75.7)
0.074 (0.064 - 0.080)
-10.5 (-20.3 - -0.4)
-100.9 (-107.9 - -95.6)
-201.5 (-204.2 - -198.2)
-311.0 (-315.9 - -306.1)
-408.9 (-412.3 - -405.6)
-494.9 (-498.4 - -491.3)
-605.1 (-608.8 - -601.7)
-702.4 (-705.4 - -698.9)
-800.7 (-806.5 - -796.2)
-101.2 (-110.4 - -95.9)
-197.1 (-201.0 - -193.3)
-309.2 (-315.6 - -302.9)
-404.6 (-408.1 - -401.1)
-500.2 (-503.4 - -496.8)
-602.0 (-606.5 - -598.5)
-701.0 (-705.0 - -696.9)
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0.98 (0.73 - 1.25)
0.95 (0.67 - 1.28)
0.30 (0.22 - 0.39)
0.80 (0.79 - 0.82)
19.4 (-7.8 - 39.4)
0.080 (0.079 - 0.080)
-10.2 (-19.5 - -0.8)
-102.1 (-104.8 - -99.9)
-200.5 (-201.7 - -198.2)
-301.5 (-34.4 - -299.1)
-421.9 (-425.2 - -418.2)
-505.4 (-507.8 - -503.2)
-603.0 (-605.4 - -600.3)
-702.7 (-705.3 - -700.2)
-798.3 (-803.5 - -790.5)
-103.5 (-107.2 - -100.9)
-194.9 (-197.2 - -192.3)
-303.8 (-306.9 - -301.0)
-418.4 (-422.4 - -413.7)
-481.1 (-491.3 - -477.7)
-602.1 (-605.3 - -598.6)
-706.4 (-709.5 - -703.1)
-812.4 (-821.4 - -803.3)
Rohling et al. (2014)
206.2 (184.7 - 226.8)
0.57 (0.08 - 0.97)
0.95 (0.54 - 1.35)
0.33 (0.23 - 0.42)
0.80 (0.78 - 0.82)
-66.9 (-145.7 - 124.0)
0.079 (0.077 - 0.080)
-12.0 (-21.1 - -2.0)
-94.0 (-99.0 - -85.6)
-196.1 (-204.1 - -190.8)
-304.1 (-308.8 - -299.1)
-404.3 (-408.1 - -399.4)
-501.3 (-507.1 - -493.3)
-613.6 (-626.4 - -600.1)
-700.0 (-704.5 - -693.7)
-799.3 (-805.5 - -792.8)
-98.8 (-105.3 - -91.6)
-190.1 (-196.2 - -184.7)
-304.9 (-311.0 - -299.0)
-401.5 (-407.4 - -396.3)
-498.3 (-503.4 - -491.4)
-587.8 (-594.9 - -582.1)
-709.5 (-715.1 - -700.9)

q8

Sea level:
A0
ηp
ηo
α1
αi
φ
p
z
k1
k2
k3
k4
k5
k6
k7
k8
q1
q2
q3
q4
q5
q6
q7
q8

-809.0 (-817.1 - -802.1)
Elderfield et al. (2012)
206.9 (187.9 - 224.9)
0.31 (0.03 - 0.82)
1.45 (1.05 - 2.04)
0.32 (0.24 - 0.41)
0.79 (0.78 - 0.81)
85.1 (-92.2 - 145.6)
0.080 (0.078 - 0.080)
-11.1 (-21.4 - -1.0)
-92.8 (-98.6 - -85.6)
-214.4 (-217.5.4 - -200.4)
-300.6 (-305.7 - -296.9)
-405.4 (-409.1 - -400.9)
-497.1 (-500.7 - -493.2)
-592.2 (-600.4 - -586.2)
-699.1 (-714.1 - -693.4)
-806.4 (-815.1 - -796.8)
-103.3 (-109.1 - -98.7)
-179.4 (-187.3 - -174.6)
-302.4 (-308.1 - -297.5)
-396.9 (-402.7 - -391.8)
-504.0 (-508.2 - -499.3)
-592.9 (-600.4 - -587.6)
-690.3 (-696.3 - -684.6)
-802.1 (-810.9 - -793.1)

-805.0 (-812.2 - -798.3)
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-804.9 (-816.4 - -794.4)
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Description
Outgoing longwave radiation parameter
Climatic precession phase
Precession amplitude coefficient
Obliquity amplitude coefficient
Ablation sensitivity
Ice-free surface albedo
Ice albedo
Equilibrium ice-line temperature
Sea-level age-control parameter
Sea-level age-control parameter
Sea-level age-control parameter
Sea-level age-control parameter
Sea-level age-control parameter
Sea-level age-control parameter
Sea-level age-control parameter
Sea-level age-control parameter
CO2 age-control parameter
CO2 age-control parameter
CO2 age-control parameter
CO2 age-control parameter
CO2 age-control parameter
CO2 age-control parameter
CO2 age-control parameter
CO2 age-control parameter
Description
Error autocorrelation parameter
Error variance
Description
CO2 reference concentration
Insolation coefficient
Solar constant
CO2 radiative forcing
OLR Parameter
Heat flux coefficient
Basal shear stress
Upper terminus position of ice sheet
Ice-sheet fraction of Earth circumference
Gravitational acceleration
Ice density
Seawater density
Ocean area

Hyperparam.

Constant
[ Co ]

s
S0
A1
B
M
τ
xn
fl
g
ρi
ρw
ao

ρ
σ2

A0
φ
ηp
ηo
p
α1
αi
z
k1
k2
k3
k4
k5
k6
k7
k8
q1
q2
q3
q4
q5
q6
q7
q8

Param.

ms−2
kgm−3
kgm−3
m2

sin(◦ )

Wm−2
Wm−2
Wm−2 ◦ C−1
Wm−2 ◦ C−1
kPa

Units
ppm

Units
ppm2

Wm−2
Wm−2
degrees2 ky−1 ◦ C−1
◦
C
ka
ka
ka
ka
ka
ka
ka
ka
ka
ka
ka
ka
ka
ka
ka
ka

◦

Units
Wm−2

Sima et al. (2006)

Lindzen and Farrell (1977)
Kopp and Lean (2011)
Myhre et al. (1998)
North (1975b)
Chỳlek and Coakley (1975)
Weertman (1976)
Batchelor et al. (2019)

Reference

Conjugate Prior
Truncated normal
Inverse-Gamma

Prior
Normal
Uniform
Uniform
Uniform
Uniform
Uniform
Uniform
Normal
Normal
Normal
Normal
Normal
Normal
Normal
Normal
Normal
Normal
Normal
Normal
Normal
Normal
Normal
Normal
Normal

360.5 × 1012

Value
278
-0.482
1360.8
-5.35
1.55
4.05
100
0.97
0.5
9.81
910
1000

Prior hyperparam.
β 1 = 4, β 2 = 1
β 3 = 0, β 4 = 0

μ = 100, σ = 6
μ = 200, σ = 6
μ = 300, σ = 6
μ = 400, σ = 6
μ = 500, σ = 6
μ = 600, σ = 6
μ = 700, σ = 6
μ = 800, σ = 6
μ = 100, σ = 6
μ = 200, σ = 6
μ = 300, σ = 6
μ = 400, σ = 6
μ = 500, σ = 6
μ = 600, σ = 6
μ = 700, σ = 6
μ = 800, σ = 6

0.15, 0.5
0.4, 0.95
μ = −10, σ = 5

8 × 10−3 , 8 × 10−2

Prior parameters
μ = 211, σ = 10
-180,180
0, 10
0, 10

Table 4.1: Description of parameters and their priors, as well as the constants, used in the Bayesian sea-level and CO2 model. This
table is repeated from Liautaud and Huybers (in press).

4.6.2 Comparison of model CO2 estimates

Figure 4.6: Comparison of Pleistocene CO2 estimates from the inverse model in this study with
two foregoing studies. (a) When using the sea-level reconstruction of Van de Wal et al. (2011) in
our model, our model (orange with 95% c.i. shaded) closely reproduces the CO2 levels estimated in
their study (gray). The two have a Pearson’s correlation of 0.86. (b) Same as panel (a), but using the
sea level and CO2 estimates in Berends et al. (2020) and where the correlation is 0.84.
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5
Sea-level pacing of faults at Mid-Ocean Ridges
Material in this chapter appears in Huybers et al. (2021). This chapter comprises the
components of the manuscript to which I was the primary contributor. It references
collections of mid-ocean-ridge bathymetry and magnetic intensity data that were
collected and processed by other authors.

5.1 Introduction
Two notable changes in glacial-cycle characteristics after the middle Pleistocene
include the appearance of more intense glacials and the stark increase in the ∼100
ky variance in δ18 O records. The Bayesian model in Chapters 3 and 4 implicitly attributes both of them to changes in atmospheric CO2 patterns, but did not address
why those changes might have occurred.
One hypothesis for the onset larger-amplitude, lower-frequency CO2 variations
in the late Pleistocene calls upon variations in CO2 emissions from subaerial volcanoes and mid-ocean-ridges modulated by changes in global ice volume (Huybers
and Langmuir, 2017). In this coupled system, deglaciations depressurize subaerial
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volcanos, leading to rapid increases in volcanic CO2 emissions that spur additional
deglaciation. The resulting increase in sea-level pressurizes mid-ocean-ridges, reducing melt transport to the ridge axis after a delay on the order of tens of thousands of
years. This ultimately reduces CO2 emissions from mid-ocean-ridges, lowering atmospheric CO2 and promoting glaciation. The delay in the response of mid-oceanridges relative to that of land volcanism gives rise to a delayed oscillator that might
take up a ∼100 ky period.
It remains unclear whether the carbon fluxes involved in the ice-volcano hypothesis would account for the full range of glacial-interglacial CO2 change, or whether
it could produce the observed CO2 -sea-level phase relationship, but the hypothesis has at least three unique advantages. First, there is observational evidence that
changes in ice-sheet mass influence volcanic activity on ice-age timescales (Huybers
and Langmuir, 2009; Kutterolf et al., 2013). Second, models of melt transport at
mid-ocean-ridges suggest that the timescale of delayed CO2 response required for
quasi-100ky climate variations is physically plausible (Burley and Katz, 2015; Cerpa
et al., 2019; Crowley et al., 2015). Third, there is evidence for sea-level changes specifically affecting mid-ocean-ridge systems. For example, records of iron flux in sediments near the Juan de Fuca ridge suggest sea-level modulation of hydrothermal
activity (Costa et al., 2017).
One way to evaluate whether sea-level has a meaningful effect on mid-oceanridge magma supply is to test whether patterns of sea-level variability are evident in
the crust near mid-ocean-ridges that is formed by upwelling magma. Abyssal hills,
the collections of ridge-like features that run parallel to mid-ocean ridges and are
the most common topographic feature on earth, follow a strikingly regular spacing
that was shown to align with the ∼100-ky and 41-ky periods in sea-level variations
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in late Pleistocene crust (Crowley et al., 2015). That finding indicates that sea-levelinduced melt modulations can influence topography, but several questions remain.
First, because only a few individual ridge transects have been analyzed, it is unclear
whether orbital periods are present systematically in bathymetry. Second, a specific
mechanism for sea-level pacing of abyssal hills is not obvious. Specifically, proposals that abyssal hills reflect sea-level-induced crustal thickness modulations were
debated on the basis that (1) the associated thickness variations would mostly be expressed at the crust-mantle boundary, with negligible topographic consequences at
the surface, and (2) crustal thickness modulations do not explain widespread evidence that abyssal hills are bounded by faults (Olive et al., 2015).
In this study we investigate a mechanism by which sea-level variations can pace
abyssal hill formation by inducing faults at mid-ocean-ridges. We first conduct an
analysis of periodicities in space and time among globally-distributed bathymetry
transects (Section 5.2). A faulting model forced with periodic magma injection is
used to test whether sea-level variations can plausibly pace faulted abyssal hills (Section 5.3). Model results are compared with observations in Section 5.4.

5.2 Characteristic spacing of abyssal hills
To examine whether abyssal hills are associated with sea-level variations, we conduct an analysis of 207 bathymetry transects that are distributed globally across 16
regions. The data were collected and processed by other authors in Huybers et al.
(2021), with details of each ridge transect in Table 5.2. The data were originally obtained from the Marine Geoscience Data System except for Region 16b, which comprises unpublished bathymetry data from the Juan de Fuca Ridge. Magnetic data
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for Region 4, the Southern East Pacific Rise, are from Cormier and MacDonald
(1994).
Spectral analysis is used to investigate whether abyssal hills feature a deterministic
temporal or spatial scale. Power spectral density estimates from each transect are
made using the multi-taper method with seven tapers (Percival and Walden, 1993).
Data are first interpolated to even spacing and pre-whitened by first-differencing
prior to spectral analysis. To attempt to identify any systematic patterns, spectral
estimates from different ridge transects are averaged according to spreading rate.
For a given spreading half-rate, all spectra from transects having a spreading halfrate within ±2.5 cm/year of that value are averaged. The averaging is repeated while
sliding the window across the range of observed spreading rates.
When conducting the spectral analysis with bathymetry on a distance scale, the
maximum spectral estimates are distributed widely with no consistently identifiable spatial mode (Figure 5.1a). If converting bathymetry to the time domain before spectral analysis according to spreading-rate, however, peaks in the power spectra align into two distinct clusters with 94% of spectral peaks lying within 1/100 ±
1/1000 ky−1 or 1/41 ± 1/200 kyr−1 (Figure 5.1b).

These results indicate clear system-

atic timescales in abyssal hills that align with the ∼100-ky and ∼41-ky components
of the sea-level record (Figure 5.2a).
To further explore the origins of the 41-kyr spectral peak observed at fast-spreading
ridges, we evaluate a characteristic spacing between abyssal hills in each of the 16
regions. Spectral estimates are made with respect to distance from the ridge axis,
and characteristic spacing is defined as the wavelength associated with the most
energetic spectral density estimate. If multiple sections are available from a single
region, the characteristic spacing is computed for each and the mode selected. Re-
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Figure 5.1: Spectral estimates of bathymetry as a function of spreading half-rates. Each spectral
estimate represents the average power spectrum of bathymetry profiles that have spreading halfrates within a 2.5 cm/year sliding window, where the central spreading-rate is indicated by the
colorbar. 103 windows are assessed and spectra are normalized to have a mean spectral energy
of one. The mean spectral energy for (a) Maximum energy for each spectral average (black markers) is broadly distributed for spectral analysis performed as a function of wavelength. (b) When
converting bathymetry to an age scale, two clusters appear at 1/100 and 1/41 ky−1 frequencies
(vertical dashed lines). All averaged spectra have maxima that lie within 1/100 ± 1/1000 ky−1 or
1/41 ± 1/200 ky−1 . These results demonstrate that characteristic spacing better accords with a
timescale than an intrinsic length scale.

gressing characteristic spacing against spreading rate indicates that spacing increases
by 0.44 km per cm/year of spreading rate (95% c.i., 0.29–0.60 km per cm/yr), in
close agreement with an expected scaling of 0.41 km per cm/year if abyssal hills were
perfectly paced by obliquity-period variations in sea level (Figure 5.3).
Increases in characteristic wavelength with spreading rate contrast with foregoing predictions of constant abyssal hill spacing (Olive et al., 2015). It is well established that abyssal hill spacing is controlled by crustal thickening at slow spreading
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rates, with faster spreading rates giving less time for thickening and, therefore, more
narrowly spaced abyssal hills. Different assumptions regarding melt supply, however, lead to diverging predictions for abyssal hill spacing at intermediate and faster
spreading rates. An assumption of melt supply accommodating a constant fraction
of spreading (Behn and Ito, 2008) leads to a conclusion that abyssal hill spacing becomes constant at half-spreading rates above approximately 3 cm/year (Olive et al.,
2015). Our results are consistent with temporal variations in magma supply coming
to control abyssal hill spacing at faster spreading rates.
The characteristic spacing at intermediate-spreading ridges is consistent with 100kyr pacing. It is not possible, however, to distinguish whether the spacing follows
that expected from 100 kyr intervals (i.e., 1 km per cm/year) or follows that expected
from a constant spacing (i.e., 0 km per cm/year) because the 95% confidence interval on the trend is broad (-0.09–1.6 km per cm/yr). Other abyssal-hill-spacing
estimates were independently published by Goff (2015). These were originally interpreted to represent a constant abyssal-hill length scale at fast spreading rates,
but align well with our findings of intermediate-spreading ridges being broadly
distributed around a 100 kyr spacing and faster-spreading ridges transitioning to a
41 kyr spacing.
The characteristic spacing of abyssal hills comprises strong evidence that sea-level
variations pace abyssal hill formation. To first order, abyssal hill spacing is expected
to decrease with spreading rate as a consequence of a thinner lithosphere, but rather
than a smooth trend, characteristic spacing clusters around 100 kyr intervals at intermediate spreading rates and around 41 kyr at faster spreading rates. Support for
interpreting this clustering as occurring around specific time scales, as opposed to
length scales, comes from spectral estimates converging around sea-level periods
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when performed in frequency space but having no discernable spatial scale (Figure 5.1), and the fact that the trend in abyssal hill spacing increases with spreading
rate across the fastest spreading regions (Figure 5.3).

5.3

Faulting simulations using sea-level driven variations in magma
supply

To explore how magma supply variations produced by sea-level change could influence faulting and abyssal hill spacing we use a model of faulting called the Fast Lagrangian Analysis of Continua (FLAC) (Behn and Ito, 2008; Ito and Behn, 2008).
FLAC represents stress, strain, and faulting in a vertical plane that transects a midocean ridge perpendicular to its strike and is widely used in studies of mid-ocean
ridge faulting (Buck et al., 2005; Liu and Buck, 2018). Olive et al. (2015) used FLAC
to describe abyssal hills as fault-bounded blocks caused by plate separation being incompletely accommodated by new magma emplacement. Furthermore, Olive et al.
(2015) argued that mid-ocean ridge faults have an intrinsic spacing that is generally
insensitive to sea-level variations.
We run FLAC using the same parameters as Olive et al. (2015) to reduce ambiguity in comparing results (Table 5.1). The domain size of the simulation is 240 km
wide and 15 km deep, with spatial resolution increasing toward the ridge axis at the
center of the domain. Magmatic extension where melt supply entirely fills the space
created by spreading occurs for 85% of a cycle. The remaining 15% of a cycle is an
amagmatic phase where plate separation must be accommodated by extension and
faulting. Plate extension results in accumulation of stress and, ultimately, plastic
failure along a fault according to a Mohr-Coulomb failure criterion (Behn and Ito,
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Table 5.1: Default parameters used in FLAC runs in the main text. These parameters are the same
as used by Olive et al. (2015).

Parameter
U0
M
τ
ηinj
Δxinj
τheal
L
Tsfc
Nu
zNu
TNu

Value
1-10
0.85
41 or 100
1019

2

5 × 1012
5 × 105

0
6, 12
7
400

Units
cm/y
kyr
Pa s
km
s
J/kg
◦C
km
◦C

Description
Spreading half-rate
Fraction of magmatic accommodation
Forcing period
Maximum injection-zone viscosity
Width of the magmatic injection zone
Healing parameter
Latent heat
Surface temperature
Nusselt numbers for lower and upper layers
Maximum depth for hydrothermal effects
Maximum temperature for hydrothermal effects

2008). The 85-15% split between magmatic and amagmatic phases corresponds with
rapid deglaciations and rising sea level (Figure 5.2 that lead to a short time interval
of greatly reduced rates of mantle depressurization and melting.
The model was run 40 times for both 100 kyr and 40 kyr magmatic cycles. The
100 kyr period magmatic cycle has magmatic spreading for 85 kyr and extension and
faulting during the other 15 ky; the 41 kyr period runs have magmatism and extension intervals of 35 and 6 ky. Abyssal hill spacing in FLAC is quantified as the average distance between bathymetric peaks in the surface layer of the lithosphere. Profiles are split for separate evaluation of peaks on each side of the axis, and trimmed
to 780 kyr on each side for consistency with the interval over which observations
are analysed.
The spacing of abyssal hills in the FLAC simulations varies with spreading rate
(Figure 5.3). For slow-spreading ridge, abyssal hill spacing is inversely proportional
to spreading rate because lithosphere thickness near the ridge is inversely propor-
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Figure 5.2: Time series and spectral estimates pertaining to the sea-level driven faulting hypothesis. (a) Pleistocene sea-level variability (Siddall et al., 2010) and a spectral estimate over 780 ka.
(b) Estimated melt supply changes due to sea level at intermediate (2.5 cm/yr, blue) and fast (7
cm/yr, red) spreading rates from a simple model (Crowley et al., 2015), assuming a permeability of
10−12.5 m2 at 1% melt fraction. (c) Simulated bathymetry from a numerical faulting model (FLAC)
having slower (100 kyr melt supply variations, 3.4 cm/yr, dark blue) and faster variations (41 kyr
melt supply, 4.3 cm/yr in red, 6.7 cm/yr in yellow). Spectral estimates accompany each time-series,
and these are normalized by mean spectral energy and, for bathymetry, include 95% confidence intervals at select frequencies (vertical bars). Representative bathymetry variations from the Southeast Indian Ridge (d,e) and East Pacific Rise (f) have significant spectral peaks corresponding with
those in sea level. The spectral estimate in (b) is only normalized according to the energy at 1/100
± 1/200 ky−1 in order to highlight increased high-frequency energy at faster spreading rates.
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tional to spreading rate. Thicker lithosphere requires accumulation of proportionately greater stress to initiate a fault. Intermediate- and fast-spreading rates produce
thinner axial lithosphere that allows magmatic cycles to consistently initiate faulting
during amagmatic phases. If variations in magma supply are periodic and faults initiate near minima in supply, abyssal hill spacing equals the period of the magmatic
cycle times the half-spreading rate (Figure 5.3). The prediction that magma supply
variability results from changes in sea-level (Cerpa et al., 2019; Crowley et al., 2015;
Huybers and Langmuir, 2009; Lund and Asimow, 2011) then implies that, given
sufficiently high spreading rates, abyssal hills should be spaced at intervals of the
sea-level period of variation times the half-spreading rate.
The transition from control by the lithosphere to control by the magmatic budget occurs at a threshold spreading rate that depends on the period of magmatic
variations. Variations in melt supply at 100 ky-periods lead to faulting during each
amagmatic phase when half-spreading rates are greater than 2.3 cm/yr. 41-ky variations in melt supply pace faulting above a threshold spreading rate of 3.5 cm/yr.
100 kyr pacing initiates at a lower spreading rate because its longer period leads to
more thickening occurring in a single magmatic interval, making it harder to maintain slip on the active fault and leading to its abandonment in favor of a new fault
in thinner lithosphere nearer the axis.
To examine the sensitivity of the FLAC results to different input parameters, we
varied five different FLAC parameters: strain healing, injection zone width, magmatic fraction, Nusselt number – the ratio of convective to conductive heat transfer
– and maximum viscosity in the injection zone (Figure 5.4). For each set of parameters, 40 FLAC runs are conducted at different spreading rates. Parameter ranges are
specified according to suggestions in the literature. Injection-zone widths are varied
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Figure 5.3: Scaling of abyssal-hill spacing with spreading rate produced by a numerical faulting model (FLAC) driven at 100 kyr (light
blue dots) and 41 kyr periods (red dots) of magmatic modulation. At slow-spreading rates, simulated fault spacing is inversely proportional to spreading rates, but at transitional and faster rates spacing locks into the 100 kyr (light blue line) and 41 kyr period
scaling (red line). Observationally-derived estimates of characteristic abyssal hill spacing are shown (green circles) for each region
analyzed in this study as well as characteristic spacing estimates reported in a previous study (Goff, 2015) (yellow circles). Three
intermediate-spreading regions have equally-expressed characteristic spacing (regions 7, 12, and 15; empty green circles). Across
fast-spreading rate regions (1, 2, 3, 4, and 6), characteristic spacing has a squared-cross-correlation with spreading rate of 0.92, and a
least-squares fit indicates 0.44 km of abyssal hill spacing per cm/yr of spreading rate (95% c.i. 0.29–0.60 km per cm/yr; pink line and
shading).

from 800 m to 2800 m, consistent with values used elsewhere (Henstock et al., 1993;
Olive et al., 2015). The fraction of a cycle spent in a magmatic phase, M, is varied
between 0.65 to 0.9, consistent with Olive et al.’s (2015) estimate of M values at intermediate and fast-spreading ridges. Nusselt number, Nu, is varied over select values ranging between 6–20 for the lower crust and 20–30 for the upper crust (Baker
et al., 1996; Henstock et al., 1993). The maximum viscosity in the injection zone is
uncertain (Henstock et al., 1993; Morgan and Ghen, 1993; Olive et al., 2015) and is
varied over values ranging from 1018 to 1026 Pa s. Finally, the strain healing timescale
is varied from 30% of the magmatic cycle duration to 300% of the magmatic cycle
duration.
Results show some sensitivity to changes in the timescale of over which accumulated strain heals back toward zero (Figure 5.4). For the shortest imposed healing
times, 14 ky, abyssal hill spacing begins to scale with the 41 ky magmatic period at
half-spreading rates of 5 cm/yr and greater, since faster healing requires more stress
to accumulate within a single forcing cycle in order to initiate a fault. In general,
however, the same basic structure is found across the range of parameter values
wherein abyssal-hill spacing is controlled by lithospheric thickness up to a threshold spreading rate, above which the spacing becomes locked into the period of the
magmatic cycle.
In future work it would be useful to explore FLAC under conditions where melt
delivery was not dichotomized between fully accommodating spreading or being
absent. The present simulations represent an upper bound for the amplitude of
changes in magma supply that can be induced by changes in sea-level and are substantially larger than predicted by foregoing simulations (Crowley et al., 2015; Lund
and Asimow, 2011). Previous studies did not, however, account for phenomena
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Figure 5.4: Sensitivity of abyssal hill spacing to changes in FLAC parameters. Runs spanning
spreading half-rates from 1 to 10 cm/yr are shown for sets of five different parameters. (a) Fault
healing is varied between 0.3 to 3 times the default value of τ = 5 × 1012 s. (b) The width of the
magmatic accretion zone is varied from 800-2800 m, where 2000 m is the default. (c) The fraction
of plate extension accommodated by the magmatic phase is varied from 0.65-0.9, where 0.85 is the
default. (d) The rate of cooling from near-axis hydrothermal circulation is parameterized using a
Nusselt number from a lower region, ranging from 6-20, and an upper region, ranging from 20-30,
where 6 and 12 are respective default values. Finally (e), the maximum viscosity in the injection
zone is varied from 1018 to 1026 Pa s where the default is 1019 Pa s. Each set of experiments is conducted once with 41 kyr period magma cycling and another time using a 100 kyr period magma cycle. Abyssal hill spacing is estimated using a peak prominence criteria. Scatter in estimated abyssal
hill spacing at slower spreading rates reflects variability in fault size and resulting ambiguity in
which peaks should be included when estimating spacing. These results indicate that the basic result that FLAC is paced by sea-level period fluctuations at intermediate and faster spreading rates
is robust to reasonable parameter variations.
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such as porosity waves or melt channelization dynamics that, in principle, could
lead to greater amplitude variations in melt supply (Sim et al., 2020; Weatherley
and Katz, 2016). Opportunity may also exist to further constrain FLAC parameters or identify the presence of phenomena not represented in FLAC in relation to
observed ridge characteristics.

5.4 Discussion
The spacing observed in FLAC simulations forced with magma supply at periods of
sea-level variation correspond well with observations of ocean ridge bathymetry
(Figure 5.3). At slow-spreading ridges, abyssal-hill spacing varies inversely with
spreading rate in response to thickening lithosphere. At intermediate-spreading
rates, spacing scales with the 100 kyr period of late-Pleistocene sea-level variations,
and at fast-spreading rates spacing scales with a 41 kyr period. Consistency between
FLAC simulations and observations of abyssal hill spacing at slow-spreading rates
merely confirms that FLAC reproduces a well-known pattern (Goff et al., 1997).
Scaling at slow-spreading ridges is independent of magmatic signals and not diagnostic with respect to the sea-level hypothesis. The spreading-rate threshold at
which FLAC transitions from fault spacing controlled by lithospheric thickness to
a 100-kyr pacing occurs at a half-spreading rate of 2.5 cm/year, where 95% of transitions occur between 1.4–3.2 cm/year in our simulations using perturbed parameters
(Figure 5.4). Control by 41-kyr pacing occurs at 4 cm/year with all transitions occurring between 2.9 and 5.4 cm/year.
An analysis of the dominant length scale associated with abyssal hills as a function of spreading rate complements our spectral analysis results. As in simulations,
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observations suggest a decline in abyssal hill spacing as spreading rate increases for
the slowest spreading rates, <2.5 cm/yr, though the data are noisy (Figure 5.3). At
intermediate spreading rates between 2.5 to 4 cm/year, simulations subject to a
100 kyr magmatic cycle begin to show increasing wavelengths. Characteristic length
scales at these spreading rates in our observational analysis generally cluster around
this 100 kyr scaling but do not show a statistically significant positive correlation
with spreading rate. At fast half-spreading rates of 4 cm/year or greater, simulations
become paced by 41-kyr obliquity cycles. Observations at these faster spreading
rates also show a distinct positive scaling of 0.44 km per cm/year (95% c.i., 0.29–
0.60 km per cm/yr).
Observed and simulated scaling of abyssal hills with spreading rates also contrasts
with the proposal of Olive et al. (2015) for constant spacing between abyssal hills
at half-spreading rates greater than approximately 3 cm/year. Their prediction is
based on a simplified scaling relationship wherein faults are assumed to initiate at
the ridge axis, move away at a rate slower than the half-spreading rate because of
accommodation by fault heave, and then become inactive at a fixed distance away
from the ridge (Behn and Ito, 2008; Buck et al., 2005). In particular, the shift in
clustering around half-spreading rates of 4 cm/year from 100 kyr to 41 kyr scaling
and the significant increase in abyssal-hill spacing with spreading rate across fastspreading ridges provide strong evidence for temporal scaling rather than spatial
scaling.
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5.5 Conclusion
The ubiquity and striking regularity of abyssal hills have engendered numerous hypotheses for their origins. These include crustal thickness variations that are paced
by changes in sea-level (Boulahanis et al., 2020; Crowley et al., 2015; Tolstoy, 2015),
regular faulting on a distinct spatial scale caused by the incomplete accommodation
of plate extension by magmatic accretion (Goff, 2015; Olive et al., 2015) or, alternatively, that they follow a random process with no deterministic energy (Goff and
Jordan, 1988; Goff et al., 2018). The systematic appearance of characteristic frequencies aligning with sea-level variations in bathymetry evaluated in the time domain,
combined with the lack of such consistency in the spatial domain, strongly suggests
that sea-level plays a role in the formation of late-Pleistocene abyssal hills. We have
demonstrated a mechanism by which sea-level-induced changes to rates of magmatic accommodation of plate extension can pace abyssal hill formation. Our results are consistent both with evidence for widespread faulting at mid-ocean ridges
and with observed fault spacing in a global collection of bathymetric transects.
The possibility that Pleistocene sea-level variations may have influenced seafloor
bathymetry raises the possibility that they might also have influenced levels of atmospheric CO2 by influencing magmatic upwelling rates (Burley and Katz, 2015;
Cerpa et al., 2019), as posited in Huybers and Langmuir (2017). Detailed analysis of
bathymetry from the early Pleistocene combined with more comprehensive modeling of the coupling between the climate and volcanic carbon fluxes, to include those
from mid-ocean-ridges, could bring greater clarity to the plausibility of this hypothesis for mid-Pleistocene changes in atmospheric CO2 variability.
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5.6 Appendix
5.6.1 Fast Langrangian Analysis of Continua
As described in the main text, we use the Fast Lagrangian Analysis of Continua
(FLAC) to simulate fault dynamics. The fault spacing shown in Fig. 4 of the main
text is computed from FLAC simulations as the mean difference between local
bathymetric maxima that can be seen in a representative simulation from FLAC
shown in Fig. 18 of this supplement. Local maxima are identified according to a
prominence statistic defined as the difference in height between a peak and minimum. The minimum is chosen as the higher of the nearest minima on either side
of a peak. If prominence is 25 meters or greater, the peak is accepted. The first identified fault on each side of the ridge is removed in simulations to ensure that an axial high is not mistaken as a fault with the exception of ridges with half-spreading
rates below 2 cm/yr, where few faults occur in the 780 ky simulations and all are
retained. Note that, although useful for analysing model simulations, the prominence method is poorly suited for identifying abyssal hills in the observed bathymetry
because of sensitivity to noise.
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Figure 5.5: Cross-sections of simulated lithosphere from FLAC with a spreading half-rate
2.7cm/year and magmatic cycling period of 100ky. (a) Accumulated plastic strain, revealing the
fault zones on which extension is accommodated during amagmatic periods. (b) Simulated temperature structure of the ridge system. The black dashed line indicates the 650◦ C isotherm that
corresponds with the lithosphere boundary.
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Figure 5.6: Thickness of the lithosphere at the ridge axis as a function of spreading rate computed
from FLAC. The base of the lithosphere is taken to be the 650◦ C isotherm (Tb ) and the ridge axis is
taken as 100m off-axis from the edge of the injection zone (xb ). Dashed lines represent a nonlinear
least-squares fit of the form f = 0.5 + 4.8/U0 for the 41 kyr forcing, and f = 0.4 + 5.4/U0 for the
100 kyr forcing, demonstrating that FLAC reproduces the well-known relationship (Morgan and
Ghen, 1993) that the thickness of the axial lithosphere scales inversely with spreading rate.
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Figure 5.7: Abyssal hill spacing when varying the period of magmatic fluctuation for spreading
half-rates of (a) 3 cm/year, (b) 4cm/year, and (c) 5 cm/year. Abyssal hill spacing follows the period
of magmatic fluctuation at sufficiently long-period magma cycles. Dashed lines indicate 41 ky and
100 ky period magma cycle. Error bars indicate one standard deviation of the distance between
successive peaks. Note that the x-axis is logarithmic. Labels in panel (a) correspond to simulations
reported in Olive et al. (2015), where a1=10 kyr, a2=50 kyr, and a3=140 kyr.
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Reg.
1
2
3
4
4
4
4
4
4
4
4
4
5
5
5
5
5
5
5
5
5
5
5
5
5
5
5
6

#
1
1
1
1
2
3
4
5
6
7
8
9
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
1

Ridge
16.7395,-105.3535
13.1475,-104.0363
8.6967,-104.2085
-19.855,-113.643
-19.7633,-113.6248
-19.6698,-113.6046
-19.5784,-113.5795
-19.4846,-113.559
-19.3928,-113.5385
-19.3,-113.5109
-19.2083,-113.4954
-19.117,-113.4801
-40.2002,-91.5728
-40.1167,-91.5766
-40.033,-91.5831
-39.9503,-91.5743
-39.8675,-91.5274
-39.7834,-91.5076
-39.6992,-91.5091
-39.6167,-91.518
-39.533,-91.5309
-39.4493,-91.5425
-39.3671,-91.5527
-39.2842,-91.5606
-39.2008,-91.5652
-39.1161,-91.573
-39.0335,-91.5795
-49.0599,-113.5203

Res.
67.88
36.26
24
65.39
68.41
63.38
67.19
56.2
62.28
51.66
60.61
67.88
77.38
66.59
63.98
68.56
71.86
65.14
64.09
63.2
63.41
64.12
63.43
62.26
61.47
65.58
68.66
57.06

B-M 1
16.6875,-105.6451
13.1675,-104.4096
8.6406,-104.6578
-19.8551,-114.1429
-19.7638,-114.1276
-19.6694,-114.1044
-19.5778,-114.086
-19.485,-114.0629
-19.3929,-114.0506
-19.3002,-114.0191
-19.2084,-114.0046
-19.117,-113.9785
-40.2002,-91.7791
-40.1162,-91.795
-40.033,-91.8068
-39.95,-91.8032
-39.8658,-91.8047
-39.7831,-91.7207
-39.6998,-91.7128
-39.6166,-91.7442
-39.5332,-91.7542
-39.4494,-91.7634
-39.3665,-91.7615
-39.1998,-91.7847
-39.117,-91.7944
-39.0334,-91.7999
-48.9999,-113.9836

B-M 2
16.7223,-105.0609
13.132,-103.7031
8.7362,-103.8842
-19.8558,-113.0659
-19.7649,-113.0492
-19.6699,-113.0225
-19.578,-113.0085
-19.4846,-112.9798
-19.3923,-112.9671
-19.2999,-112.9412
-19.2079,-112.9185
-19.1161,-112.9004
-40.2006,-91.3003
-40.1164,-91.3166
-40.0335,-91.3218
-39.9498,-91.3532
-39.8662,-91.3283
-39.4498,-91.2797
-39.2841,-91.3083
-39.2006,-91.3084
-39.1161,-91.329
-39.0331,-91.3263
-49.1202,-113.0766

U0 1 (B-M)
4.043
4.968
6.37
6.597
6.639
6.605
6.698
6.664
6.777
6.729
6.747
6.608
2.244
2.378
2.439
2.499
3.03
2.333
2.233
2.482
2.453
2.43
2.299
2.422
2.448
2.438
4.356

3.929
4.444
4.595
7.622
7.609
7.695
7.552
7.665
7.566
7.549
7.647
7.687
2.964
2.832
2.849
2.414
2.177
2.89
2.781
2.834
2.696
2.802
4.185

U0 2 (B-M)

Table 5.2: Bathymetry segments collected and processed by other authors in the study that are referenced in Chapter 5. Segments
are grouped according to region and transect. 92 transects include segments on both sides of a ridge axis, and dashes indicate a onesided transect. Also listed is the location of the ridge axis (◦ lon and ◦ lat), average spatial resolution of the profile (m), locations of the
Brunhes-Matuyama magnetic reversal (◦ lon and ◦ lat), spreading half-rates (cm/yr) used in this study, and, for purposes of comparison, the estimated spreading half-rate (cm/yr) from the MORVEL plate motion model (DeMets et al., 2010).

5.6.2 Mid-ocean ridge bathymetry and magnetics

4.123
4.666
5.261
7.16
7.158
7.155
7.153
7.151
7.148
7.146
7.143
7.141
2.547
2.546
2.545
2.544
2.543
2.542
2.541
2.54
2.539
2.538
2.537
2.536
2.535
2.534
2.533
4.358

U0 (MORVEL)
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7
7
7
7
7
7
7
7
7
7
8
8
8
8
8
8
8
9
9
9
9
9
9
9
9
9
10
10
10
10
10
10
10
11
11
11
11
11

1
2
3
4
5
6
7
8
9
10
1
2
3
4
5
6
7
1
2
3
4
5
6
7
8
9
1
2
3
4
5
6
7
1
2
3
4
5

-64.7853,-169.9418
-64.76,-169.889
-64.7313,-169.8294
-64.7043,-169.7732
-64.6738,-169.7099
-64.646,-169.6521
-64.4044,-171.5288
-64.3757,-171.4599
-64.346,-171.3887
-64.3219,-171.3307
-48.7956,127.2744
-48.7816,127.1348
-48.765,126.9973
-48.736,126.8625
-48.7211,126.7231
-48.7002,126.5783
-48.6767,126.4425
-50.0475,115.3969
-50.0164,115.2738
-50.0064,115.1454
-49.972,115.0315
-49.9331,114.9062
-49.9194,114.7796
-49.9049,114.6579
-49.8683,114.5352
-49.8319,114.4131
-50.3863,113.7505
-50.3548,113.6284
-50.3211,113.4992
-50.2979,113.3735
-50.2675,113.2534
-50.2401,113.1276
-50.2141,113.0076
-49.8753,110.5668
-49.8395,110.4476
-49.8176,110.3154
-49.7666,110.205
-49.7303,110.0842

71.01
63.96
75.31
64.9
37.69
60.85
61.74
56.54
66.33
56.05
84.03
84.59
87.32
89.37
87.63
84.96
94.78
79.06
65.44
77.71
74.14
74
71.67
71.11
76.69
85.85
74.49
73.48
69.33
71.79
67.44
71.7
74.36
63.25
64.89
59.43
62.61
62.42

-64.8993,-169.6579
-64.8788,-169.5951
-64.8607,-169.5029
-64.8373,-169.4411
-64.5383,-170.0484
-64.5005,-169.9819
-64.2647,-171.9134
-64.2313,-171.8403
-64.1999,-171.763
-64.1756,-171.6902
-49.0335,127.213
-49.03,127.0694
-49.0077,126.934
-49.0118,126.7874
-48.996,126.647
-48.9937,126.4984
-48.9821,126.36
-50.2658,115.3372
-50.2165,115.2205
-50.2217,115.0926
-50.1858,114.9758
-50.1616,114.8476
-50.1169,114.7304
-50.1088,114.6004
-50.0822,114.4791
-50.0491,114.3544
-50.6166,113.6836
-50.5978,113.5565
-50.5833,113.4231
-50.5454,113.3062
-50.5273,113.1775
-50.4898,113.0585
-50.4692,112.9315
-50.0957,110.485
-50.0646,110.3619
-50.0482,110.2348
-50.0156,110.1132
-49.9916,109.992

-64.6327,-170.3224
-64.6077,-170.2722
-64.5636,-170.1201
-64.811,-169.3709
-64.4773,-171.083
-48.5448,127.3407
-48.5277,127.2021
-48.5016,127.07
-48.4991,126.9266
-48.485,126.6354
-48.4609,126.5013
-49.7621,115.4715
-49.7346,115.3482
-49.7133,115.225
-49.6699,115.1065
-49.6481,114.983
-49.609,114.8638
-49.6021,114.7352
-49.5626,114.6165
-50.1627,113.8038
-50.1124,113.6905
-50.0785,113.5653
-50.0467,113.4457
-50.0246,113.3224
-49.9859,113.2055
-49.9668,113.0775
-49.6084,110.6616
-49.5639,110.5525
-49.5518,110.4219
-49.5121,110.2953
-49.4796,110.1762

2.365
2.458
2.707
2.768
2.83
2.887
3.098
3.124
3.114
3.049
3.44
3.594
3.51
3.994
3.984
4.25
4.422
3.067
2.807
3.004
2.995
3.197
2.759
2.873
2.998
3.05
3.304
3.489
3.76
3.537
3.729
3.573
3.666
3.165
3.24
3.293
3.573
3.735

2.84
2.65
3.63
3.675
3.817
3.431
3.115
3.126
3.999
3.952
4.119
4.22
4.005
4.363
4.238
4.291
3.174
3.455
3.469
3.602
3.481
3.66
3.544
3.819
3.971
3.849
3.641
3.599

2.753
2.756
2.758
2.761
2.764
2.766
2.736
2.739
2.742
2.744
3.508
3.509
3.509
3.51
3.51
3.511
3.512
3.523
3.523
3.523
3.523
3.523
3.523
3.522
3.522
3.522
3.522
3.521
3.521
3.521
3.521
3.52
3.52
3.514
3.513
3.513
3.513
3.512
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11
11
11
11
11
11
11
11
11
11
12
12
12
12
12
12
12
12
12
12
12
12
13
13
13
13
14
14
14
14
14
15
15
15
15
15
15
15

6
7
8
9
10
11
12
13
14
15
1
2
3
4
5
6
7
8
9
10
11
12
1
2
3
4
1
2
3
4
5
1
2
3
4
5
6
7

-49.684,109.9772
-49.6536,109.8551
-49.6156,109.7329
-49.5745,109.6178
-49.5349,109.5027
-49.4983,109.383
-49.4754,109.2538
-49.451,109.1316
-49.4215,109.0018
-49.3747,108.8878
-48.7947,108.4477
-48.7544,108.3229
-48.7169,108.1975
-48.6659,108.08
-48.6169,107.9672
-48.5635,107.8563
-48.5257,107.7387
-48.461,107.6082
-48.4183,107.51
-48.3995,107.3875
-48.3736,107.2618
-48.3373,107.1502
-48.0405,103.7411
-47.9981,103.635
-47.9575,103.5312
-47.9182,103.4306
-47.9435,102.2659
-47.8967,102.173
-47.8515,102.0694
-47.8104,101.9635
-47.7792,101.852
-41.7634,79.7712
-41.6445,79.5795
-41.5247,79.3999
-41.385,79.2426
-41.245,79.099
-41.0932,78.9297
-40.9784,78.8151

63.3
60.37
60.84
61.98
60.59
64.92
64.32
64.9
61.69
66.58
58.64
63.85
55.24
65.56
59.79
63.98
65.1
60.73
62.91
60.7
65.26
58.37
67.3
58.19
65.34
56.44
63.27
55.13
64.85
52.32
61.56
56
60.13
56.49
58.31
58.86
56.06
45.92

-49.9443,109.8729
-49.9079,109.7528
-49.8634,109.6348
-49.8328,109.515
-49.7906,109.3972
-49.7781,109.2667
-49.735,109.1502
-49.71,109.028
-49.6618,108.9144
-49.6482,108.7876
-49.0405,108.3448
-49.0176,108.2201
-48.9642,108.1091
-48.9311,107.9858
-48.8759,107.8767
-48.8595,107.7466
-48.8002,107.6388
-48.7535,107.4911
-48.7199,107.4029
-48.669,107.2892
-48.621,107.1693
-48.5918,107.0504
-48.225,103.5506
-48.187,103.4475
-48.1396,103.3433
-48.1129,103.2349
-48.1207,102.0849
-48.0843,101.9736
-48.0443,101.8706
-48.0163,101.75
-47.9698,101.6476
-41.9114,79.5513
-41.7818,79.3828
-41.657,79.2206
-41.5138,79.0526
-41.3698,78.8912
-41.2192,78.7402
-41.1205,78.6255

-49.432,110.059
-49.4081,109.9391
-49.3587,109.8176
-49.3283,109.6988
-49.2972,109.5764
-49.281,109.4508
-49.2425,109.3315
-49.2181,109.2101
-49.1322,108.9773
-48.5353,108.5237
-48.4993,108.406
-48.4464,108.2942
-48.4163,108.1734
-48.3798,108.0562
-48.3523,107.9331
-48.3075,107.8162
-48.2849,107.6819
-48.2371,107.5726
-48.1984,107.4545
-48.1299,107.3456
-48.1167,107.232
-47.8151,103.9698
-47.7742,103.8667
-47.7284,103.7693
-47.6971,103.6541
-47.7101,102.5056
-47.6767,102.3962
-47.6334,102.2948
-47.6041,102.1796
-47.5655,102.0692
-41.4817,79.8406
-41.3528,79.6609
-41.2102,79.5187
-41.0757,79.3466
-40.9337,79.2077
-

3.769
3.683
3.584
3.738
3.715
4.069
3.759
3.752
3.447
3.925
3.457
3.664
3.401
3.645
3.552
4.092
3.787
4.09
4.147
3.72
3.427
3.55
3.178
3.219
3.137
3.331
3.058
3.277
3.338
3.571
3.341
2.623
2.445
2.618
2.793
2.798
2.782
2.864

3.577
3.502
3.652
3.499
3.361
3.074
3.315
3.318
3.486
3.484
3.471
3.725
3.458
3.288
2.915
3.002
2.482
2.485
2.746
3.341
3.055
3.867
3.862
3.957
3.79
4.038
3.794
3.783
3.593
3.69
4.039
3.764
3.808
3.635
3.683
-

3.512
3.511
3.511
3.51
3.51
3.509
3.509
3.508
3.508
3.507
3.504
3.503
3.503
3.502
3.501
3.501
3.5
3.499
3.499
3.498
3.498
3.497
3.478
3.477
3.476
3.475
3.468
3.468
3.467
3.466
3.465
3.155
3.15
3.145
3.14
3.135
3.129
3.125
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16a
16a
16b
16b
16b
16b
16b
16b
16b
16b
16b

1
2
1
2
3
4
5
6
7
8
9

44.7441,-130.3258
44.8498,-130.269
45.1814,-130.4096
45.161,-130.4185
45.1407,-130.4274
45.0592,-130.4631
45.0287,-130.4764
44.9778,-130.4987
44.9304,-129.9672
44.9,-129.9811
44.896,-130.533

47.44
44.72
29.64
29.49
29.34
28.74
28.51
28.13
24.52
24.71
27.4

44.7998,-130.5595
44.9055,-130.5266
45.11,-130.1328
45.09,-130.1432
45.07,-130.1536
44.99,-130.1952
44.96,-130.2108
44.91,-130.2368
44.99,-130.1952
44.96,-130.2108
44.83,-130.2784

44.6856,-130.0667
44.7981,-130.0385
44.9304,-129.9672
44.9,-129.9811
-

2.495
2.528
2.853
2.838
2.824
2.766
2.744
2.708
2.36
2.378
2.637

2.753
2.729
2.36
2.378
-

2.476
2.481
2.493
2.492
2.491
2.488
2.486
2.484
2.487
2.486
2.48

6
Conclusion and future challenges
Whereas foregoing descriptions of Pleistocene climate have involved two mechanistically distinct intervals of glaciation separated by a physical transition at ∼1 Ma, the
results presented here advance a more uniform description of global climate evolution. Chapter 1 demonstrates that both the early and late Pleistocene feature significant variations at the period of climatic precession, 18-24 ky. Chapter 2 shows that
both epochs feature ∼100 ky cycles that arise under the same conditions of largeamplitude orbital forcing. Chapter 3 demonstrates that the sensitivity of sea-level
to CO2 forcing in both epochs can be explained by the same dynamics. Chapter 4
makes a prediction of early-Pleistocene CO2 that is highly consistent with observational constraints under an assumption of unchanging dynamics through the
Pleistocene. Taken together, these results yield a revised description of Pleistocene
glacial cycles as having remarkably consistent origins and properties over the last
three million years, but where late Pleistocene climate was, on average, colder with
larger ice sheets during glacial stages.
No new data are reported in this thesis. New interpretations of previously pub-
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lished data are made possible, however, from two types of statistical approaches
leveraged here that carefully account for noise, signal modulation, and age error in
paleoclimate proxies. In the first, the focus of Chapters 1 and 2, a matched-filtering
approach searches climate records for known astronomical variations, constituting a more precise statistical test for the presence of orbital variability than power
spectral density estimates, bandpass filters, or wavelets. Applying this technique to
δ18 O records leads to a reinterpretation of early-Pleistocene climate as being more

consistent with the late Pleistocene than previously considered.
The second approach, a focus of Chapters 3 and 4, involves a Bayesian analysis
of the statistical relationship between sea level and CO2 using an inverse climate
model with a simple ice sheet. Complexities such as nonlinearity of the relationship, non-normality of parameters, autocorrelation in the model-data error, and
sensitivity of inferred physics to age uncertainties mean that the most common statistical approaches, such as linear regression, are not appropriate here. A Bayesian
methodology allows for a flexible modeling approach that incorporates informative
climate physics and jointly calibrates ages with physical parameters. The inclusion
of nonlinearities such as the ice-albedo feedback and full representation of age uncertainties are central to obtaining the result that the relationship between sea-level
and CO2 may not have changed through the Pleistocene.
The origin of ∼100 ky climate cycles after the MPT remains a persistent question. Four of the five chapters in this thesis allude to these cycles, yet none provides
a complete explanation. One one hand, a simple nonlinear model in Chapter 2,
forced only with orbital variations, can reproduce the observed timing of the appearance and disappearance of ∼100 ky cycles but lacks an explanation for glacial intensification and underestimates the increase in ∼100 ky variance, relative to obliq-
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uity and precession variance, that accompanies it. On the other hand, the Bayesian
analysis in Chapters 3 and 4 suggests CO2 variations are involved in both intensification and ∼100 ky cycles. Although the Bayesian model lacks a physical mechanism for orbital variations directly affecting CO2 levels, the persistent presence of
obliquity variability in CO2 both in the early and late Pleistocene (Bereiter et al.,
2015; Chalk et al., 2017; Dyez et al., 2018) suggests that they do. Taken together,
these results raise the possibility that orbital variations initiate both ∼100 ky cycles and carbon-cycle feedbacks that induce amplifying CO2 variations. The mechanistic link between orbital and CO2 variations thus remains a central remaining
research theme in the theory of Pleistocene glaciation.
An obvious further question that is not addressed herein pertains to the cause of
lowered glacial CO2 after the MPT. Numerous hypotheses suggest that changes
in the marine carbon system are responsible, and many invoke a central role for
the Southern Ocean, particularly with respect to a strengthening of the biological
pump (Chalk et al., 2017; Clark et al., 2006; Diester-Haass et al., 2018; Farmer et al.,
2019; Martínez-Garcia et al., 2011). Chapter 5 discusses one additional hypothesis
involving sea-level modulation of volcanic CO2 emissions. Marine and solid-earth
hypotheses for ice-age CO2 variations are not necessarily mutually exclusive, and a
combination of mechanisms could help reconcile that it is difficult to explain the
full 80-100 ppm range of CO2 variations with a single means (Diester-Haass et al.,
2018; Hain et al., 2010; Kohfeld et al., 2005).
A third remaining research question centers on early Pleistocene sea level, which
remains highly uncertain. Disagreements of up to 50 meters reflect the large uncertainties in the calibration of the Mg/Ca ocean temperature proxy, difficulty separating ocean temperature and ice volume signals – which are highly correlated –
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in δ18 O, and the sparsity of geologic constraints on early-Pleistocene ice sheet size
(Balco and Rovey, 2010). Future work seeking to constrain global ice volume might
combine more, and more diverse, proxy data sources than considered in this thesis,
including a wide range of δ18 O, Mg/Ca, and alkenone records; geologic constraints
on ice sheet size (i.e., tills); and a larger array of CO2 proxies. Bayesian methods are
well-suited to the task of probabilistically combining these data to constrain climate
model predictions because they permit incorporating differing uncertainties of data
sources by way of priors.
Finally, a consistent theme in this thesis is that inferences as to the drivers of climate variability are sensitive to age assumptions. On one hand, past approaches to
assigning proxy ages have involved aligning data to a time-series of known astronomical variatons (Lisiecki and Raymo, 2005; Shackleton et al., 1996), i.e., estimating age conditional on a fixed assumption of orbital variability in the data. On the
other hand, inferences as to the orbital forcing of the climate has typically involved
identifying orbital-period variations in time-series previously placed on a fixed age
model, i.e., estimating orbital variability conditional on age. Because either practice
implicitly assumes that orbital content and age in the climate record are uncorrelated, it is preferrable to derive the joint probability distribution of orbital forcing
and age. A computationally feasible method for doing so is introduced in Chapters
3 and 4, to accompany several probabilistic methods for age model development
that have been proposed in previous studies (Ahn et al., 2017; Carson et al., 2019;
Lin et al., 2014). Future approaches might take advantage of increases in computing
performance to incorporate flexible ages into more sophisticated models of Pleistocene climate change.
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