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Abstract of “ Bayesian Inference in Statistical Analysis of Paleoclimate Records ”
by Seonmin Ahn, Ph.D., Brown University, May 2016

Studies in paleoclimatology should be accompanied by uncertainty analyses, as un-

certainty is found within the very first measurements of the proxies imprinted in

geological records. From there, due to the nature of measurements and the com-

plexity of the methods, uncertainty continues to increase throughout the process of

analysis. Complete descriptions of paleoclimate records are achieved only through

using algorithms that consider uncertainties that are inherent to both paleoclimate

records and methods of analysis.

In this thesis, we introduce three statistical tools based on Bayesian inference

to analyze paleoclimate records and present results using the three tools. First, we

construct a probabilistic stack from globally distributed benthic δ18O records using

a profile hidden Markov model. Next, we investigate the relative timings of glacial

terminations between the eastern and western tropical Pacific by combining three

statistical tools: Bayesian calibration, HMM-Match algorithm, and Bayesian change

point algorithm. Lastly, we analyze multidimensional paleoclimate proxies measured

from the core at the central Peru margin to obtain their cross-correlation and under-

lying state changes using the Kalman filter and the autoregressive hidden Markov

model. we expect the statistical tools that we introduce in this thesis to play a critical

role in rigorously analyzing paleoclimate data.
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Paleoclimatology encompasses a diverse range of studies, which include core excava-

tion, proxy measurement, modeling of climate change, pattern recognition, and so

on. Several factors make paleoclimate research more challenging, such as complex-

ity of modeling due to a large number of variables that affect climate changes and

limitations in records of high quality. Furthermore, we obtain data imprinted in the

earth, including sediment cores, ice sheets, and tree rings. For instance, while there

is no way to measure the historic extent of glaciers, the ratio of oxygen in ocean

sediments provides a proxy for this climate parameter. This results from the fact

that the heavier isotope 18O precipitates preferentially each time vapor condenses as

water vapor travels poleward, thus leaving a higher percentage of 18O in the ocean

when there is more ice on the earth’s land surface. Throughout the process of obtain-

ing data as well as the analysis of this data, we often rely on deterministic methods

rather than probabilistic ones in paleoclimate analysis. However, an analysis consid-

ering uncertainty is necessary, especially when dealing with low-resolution records,

because uncertainty of information is a reflection of the trustworthiness of apparent

differences. In this thesis, we present statistical tools based on Bayesian inference to

better analyze paleoclimate records. Chapters 2 and 3 concern how to better quantify

uncertainty in the timing of paleoclimate events while Chapter 4 concerns a better

statistical understanding of auto- and cross-correlation of proxy time series.

The hidden Markov model (HMM) is a well-known and widespread statistical tool

for time series analysis. The basic theory of the HMM was established by Baum and

his colleagues in the late 1960s [107, 10, 9]. The HMM was then further developed

as a tool for speech recognition [89, 154], and analysis of biological sequences [26,

6]. Moreover, the HMM has been also widely used in several disciplines, such as

economics for stock market forecasting [65], climatology for precipitation analysis

[80, 217], and image analysis for face identification [132, 170].
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The HMM is composed of observed variables and hidden variables. Measured

data corresponds to observed variables and latent states under these measurements

correspond to the hidden variables. Through the analysis of measurements, the HMM

enables us to explain both observed variables and hidden states, which follow the

Markov property. The Markov property states that given the present state, the future

state does not depend on the past states. For instance, if the changes of sedimen-

tation rate follow the Markov property, this implies that the future rate, which is

conditional on both past and present rates, directly depends only on the present rate,

not on the past rates. Intuitively this means that everything we need to know about

history to predict the future rate is captured in the current rate. The parameters

of HMM describe the transitions among latent states and patterns of observed vari-

ables depending on hidden variables. In HMM terminology, they are considered as

transition probability and emission probability, respectively. These unknown param-

eters are determined based on observed values, using the Baum-Welch expectation-

maximization algorithm. This algorithm iteratively finds estimates which maximize

the likelihood of the observed data.

In Chapter 2, we collect globally distributed benthic δ18O records and combine

them to construct one representative time series, called the Prob-stack, using a profile

HMM. The benthic δ18O proxy represents the global nature of ice volume signal

and deep water temperature. Thus, the stack provides better information than a

single record can provide. Benthic stacks have been extensively employed as measures

of global climate change and stratigraphic alignment targets found in age model

developments or lead/lag relationship analysis. While there have been a large number

of studies constructing a new benthic stack (e.g., [84, 151, 153, 206, 161, 8, 177, 95,

82, 112]), algorithms for constructing a stack have been much less studied. Among

these stacks, the LR04 stack [112] is notable because it was the first benthic δ18O
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stack composed of more than three records and extends beyond 850ka by using

an automated algorithm based on dynamic programming. However, the algorithm

determines alignments of benthic δ18O records deterministically without considering

the uncertainty of alignments. To address this limitation, we develop a probabilistic

stack which incorporates the variability among multiple records used to construct

it and the uncertainty in alignments of records to the stack, which have not been

included in previous studies.

In Chapter 3, we analyze the relative timing of glacial terminations between the

eastern tropical Pacific and the western tropical Pacific using sea surface temperature

(SST ) records. Comparing timing in paleoclimate records is often limited to a visual

comparison by plotting two time series together or a comparison of single estimates

from each record. However, more detailed quantitative analysis is required so that it

reflects uncertainties originating from the proxies and the algorithm for the timings.

Thus, we design the combination of three statistical tools, which are Bayesian cali-

bration [99, 98], HMM-match algorithm [110], and Bayesian change point algorithm

[167, 166], to obtain the probability distribution of termination timing. The distri-

bution from each record is then compared with the distribution from the reference

record to estimate the probability distribution of the lead/lag length, that represents

whether the termination in the record of interest occurred earlier than that in the

reference record. We compare the termination timings between the eastern tropical

Pacific and western tropical Pacific based on this combination method, and analyze

the uncertainties to find where they originated.

In Chapter 4, we analyze multidimensional paleoclimate proxies, SST, C37, δ15N ,

and %N , from the central Peru margin to find their correlations and changes in their

variability over the Holocene epoch (present - 11ka). These four proxies are high-

resolution, but they have different patterns of measurements, i.e., their spacings are
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irregular, and not the same as each other. Unless we measure proxies with an aim for

multidimensional analysis from the beginning, it is difficult to collect evenly spaced

proxies that share the same pattern of measurements in paleoclimate studies. In

this study, we treat the multidimensional records as evenly spaced data with missing

parts and estimate the expected values of the missing parts by the Kalman filter. The

Kalman filter estimates the expected values taking into account the proxy model and

all observed data, so it gives a better estimate than a simple interpolation. Both the

HMM and the autoregressive HMM (AR-HMM) are employed with the assumption

that these proxies undergo changes of hidden states depending on the variability of

the proxies. The HMM assumes that observed values are independent of each other

given their states, but the AR-HMM also considers the direct dependencies among

observations. We expect these models to find the correlations among the four proxies

and their underlying state changes.

The studies in these three chapters are in collaboration with my advisor and col-

leagues, and each chapter includes materials from the draft of the preliminary paper

associated with these studies. See footnote for detailed collaboration information in

each chapter.
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2.1 Background & Summary

A benthic δ18O stack is a representative time series that describes the global na-

ture of ice volume and deep water temperature signals by combining benthic δ18O

records from different locations. Due to the usefulness of stacks as measures of global

climate change and stratigraphic alignment targets, a progression of stacks (e.g.,

[84, 151, 153, 206, 161, 8, 177, 95, 82, 112]) has been created over the past 30 years

as more data have become available. The LR04 stack [112] is one of the most widely

used for age model developments and lead/lag relationship analysis [28, 88, 152, 29]

because it describes the mean of 57 globally distributed records and continuously

spans the Pliocene and Pleistocene (0-5.3 Myr). The LR04 stack was constructed

through pairwise alignment of records using segments of high resolution records and

dynamic programming optimization [111]. This automated algorithm finds the global

optimal alignment that minimizes the measures of sequence similarity by comparing

stratigraphic features and taking into account undesirable changes in accumulation

rate. After aligning the records, the average of all δ18O measurements within each

time interval was used to represent each stack point. Because the algorithm finds

alignments deterministically and returns only the best solution, the LR04 stack does

not reflect uncertainties in the alignments. Furthermore, using such a deterministic

stack as a stratigraphic reference provides no information about statistical signifi-

cance. To address this limitation, we present here a probabilistic stack, called the

Prob-stack, which describes changes in the global mean value of δ18O, including its

variability across benthic δ18O records and uncertainties in alignments.

The Prob-stack is constructed from 180 individual benthic δ18O records. For each

time interval, we estimate the probability distribution of δ18O values, i.e. the mean

and variance terms of a normal distribution. For purposes of display and comparison
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with LR04, we describe a time series of the estimated δ18O mean for each point

in the Prob-stack (the “Prob-mean”), along with the LR04 stack in Figure 2.1.

The Prob-mean is only a partial representation of the Prob-stack because it does

not include the essential uncertainty component of the full Prob-stack. The Prob-

mean agrees well with the LR04 stack in most time intervals, except for a few small

phase shifts between the two stacks. In particular, a 5-kyr phase shift around 75 ka

likely stems from either stretching or lower compression ratio near the tops of most

sediment cores. The Prob-mean and LR04 stack show differences in their extremes

which are labeled by Marine Isotope Stage (MIS) numbers [155]. For instance, the

G8 (2762ka) glacial max is better resolved in the Prob-mean, but the Prob-stack

has a large δ18O uncertainty at G8. Prob-mean eliminates the double peak at K1

(3080ka) and has minimal (practically nonexistent) change in δ18O between KM4

(3170ka) through M1 (3235ka). MG2 (3355ka) is somewhat older (>10-kyr) than in

the LR04 stack, and intervals between MG8 (3500ka) and MG10 (3545ka) have a

noticeably different appearance. Additionally, variance near the end of Prob-mean

(around ST4 (4980ka) and T1 (4990ka)) is smaller than in LR04. Overall, the Prob-

mean is slightly smoother than the LR04 stack, a reflection of the probabilistic

nature of the HMM algorithm. Because HMM incorporates alignment uncertainty, it

allocates input points to the sets of stack points corresponding to all possible times

for which the input may have been deposited rather than to only the single best

time point. The resulting spread tends to smooth the time series corresponding to

the mean value at each time step. In addition, the availability of more records may

contribute to smoothing.

The Pliocene-Pleistocene Prob-stack presented in this study describes the distri-

bution of global trend in benthic δ18O and its variance across the individual benthic

δ18O records for each time interval. The Prob-mean alone should not be used for
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stratigraphic alignment because such an approach fails to account for the uncer-

tainty of the stack and is equivalent to reverting to a deterministic stack. Also, the

size of 95% confidence band compared to the size of the mean value should be con-

sidered when interpreting the Prob-stack. As the Prob-stack contains time-varying

variance information, the stratigraphic alignment of a record to the Prob-stack can

produce age estimates and confidence limits of these age estimates reflecting the vari-

ability of the stack. The Prob-stack serves as a more complete description of global

benthic δ18O variability than the LR04 stack and provides additional functionality

as a stratigraphic tool for Pliocene-Pleistocene studies.

In the following sections, we describe the profile hidden Markov model and the

Baum-Welch expectation-maximization method, which are used to construct the

Prob-stack. We validate the Prob-stack through comparisons with the LR04 stack

and sensitivity analyses. Then, we introduce two applications of the Prob-stack:

assessment of the uncertainty in ages and lead/lag relationships. 1

2.2 Method

2.2.1 Data collection

The Prob-stack contains all 57 of the records [39, 179, 165, 160, 157, 191, 192, 112,

158, 36, 178, 76, 30, 23, 11, 124, 180, 125, 12, 15, 53, 142, 123, 52, 121, 159, 66, 68,

150, 73, 74, 2, 58, 63, 190, 86, 13, 172, 57, 208, 181, 130, 126, 83, 139, 135, 182, 78]

1The work in this chapter is in collaboration with my advisor Dr. Charles E. Lawrence of Brown
University, Dr. Lorraine Lisiecki of the University of California, Santa Barbara, and Dr. Deborah
Khider of the University of California, Santa Barbara. This chapter includes materials from the
draft of the preliminary paper associated with this work.
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in the LR04 stack plus an additional 123 benthic δ18O records [185, 87, 42, 93, 97,

94, 33, 44, 133, 22, 35, 186, 13, 116, 174, 175, 71, 127, 173, 55, 210, 171, 172, 90,

198, 115, 137, 119, 81, 77, 47, 56, 199, 75, 37, 120, 203, 194, 216, 138, 215, 196, 197,

195, 148, 147, 50, 211, 128, 117, 214, 187, 168, 21, 181, 20, 156, 149, 146, 189, 204, 3,

38, 67, 114, 7, 45, 24, 31, 136, 200, 18, 193, 102, 134, 209, 106, 48, 53, 113, 145, 141,

207, 101, 169, 130, 72, 17, 51, 131, 1, 70, 5, 126, 140, 122, 85, 83, 164]. The sites of

these records are well distributed in latitude, longitude, and depth (Figure 2.2), and

the records have large variations in terms of resolution and time span (Figure 2.3).

Each of the collected records covers at least 150-kyr and has an average resolution

better than 4-kyr. To reduce computing time and memory use, a few records were

sliced into multiple files when a record contained an irregular resolution. Detailed

information about the records is given in the metadata table (Appendix A).

Most of the benthic δ18O measurements comprising the records considered for

this study were made on specimens of either Uvigerina peregrina or Cibicidoides

wuellerstorfi, with the appropriate species offset corrections as either defined in the

original publication or using the offset from [179].



11Figure 2.1: The Prob-stack constructed using 180 globally distributed benthic δ18O records. The stack is plotted with MIS labels and magnetic
polarity reversal stages. Note that the scale of the vertical axis changes across panels.
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Figure 2.2: Location of the cores used in this study. The colors represent water depths of the sites.
Circle: cores used to construct the LR04 stack. Triangle: cores which are newly added to construct
the Prob-stack.

2.2.2 Profile hidden Markov model (HMM)

The construction of a probabilistic benthic δ18O stack is done in two steps: deter-

mining the probabilistic alignments of individual records to the stack and updating

the parameters of the stack based on these alignments. Through iteration of these

two steps, we can construct a new stack while probabilistically aligning records to

the stack.

To this end, we need a probabilistic model which describes a stack, records, and

alignments of these records to the stack. This model is based on the HMM-Match

algorithm [110] which is a probabilistic method to align a single record to a specified

target. The profile HMM extends HMM-Match in two ways: it builds a new stack

rather than aligning the records to an existing one, and permits the variances of

points in the stack to be time-varying. A brief description of the probabilistic model

is provided here. The full description of the model can be found in [110]. Based on

the probabilistic model, we explain how to construct a stack which maximizes the
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Figure 2.3: Coverage of the cores. The colors represent the average resolutions of records.

likelihood of records through the Baum-Welch expectation-maximization algorithm

[154, 46], which is also briefly described below.

2.2.2.1 Probabilistic models of the Prob-stack and benthic δ18O records

The probabilistic stack includes the signal of global ice volume and deep water tem-

perature, and the variability of this signal. Let {st} be a sequence of random variables,

which represents the probabilistic stack, and assume that {st} follow the normal dis-

tribution with mean µt and variance σ2
t .

st ∼ N (µt, σ
2
t ) (2.1)

Then, µt and σ2
t represent the signal and the variance of the signal respectively, al-

lowing both to vary with age, t. Note that the variance term represents the variability

of δ18O signals across multiple records and not the error of the mean value. Thus,
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the variance term can explain the possible range of an unobserved record.

Since each record also represents the signal of global ice volume and deep wa-

ter temperature, it follows the same distribution with the probabilistic stack. Thus,

we consider each record to be a randomly drawn sample from the common stack

model. In HMM terminology, it is considered as an “emission” of the model. Sys-

tematic differences between the probabilistic stack and individual records arise from

three sources: alignment uncertainty, spatial variability between records, and inter-

laboratory offsets [144]. These factors can be modelled with a normal distribution

considering a mean shift from the stack. Let di,j be the jth data point of record i.

Then, di,j follows a normal distribution with meanτi + µt and variance σ2
t , where τi

is the mean shift of record i, when the age estimate of the jth data point is t. This

is written as follows:

di,j|Ai,j = t ∼ N (τi + µt, σ
2
t ) (2.2)

where Ai,j refers to the synchronous age assignment of the jth data point of the

record i. The alignment procedure synchronizes ages from multiple records, i.e., it

finds data points assigned to the same age. Because it does not return the estimation

of an absolute age, we call it a synchronous age estimate. We define an alignment

of record as a vector of synchronous age estimate: Ai = (Ai,1, Ai,2, · · · , Ai,mi
), where

mi is the number of data points in record i. If exact age assignments for all data

points di,j were possible, then we could immediately construct the stack using these

assignments. However, age assignments always include uncertainty. The goal of this

study is to construct a stack which reflects such uncertainty. To this end, we employ

a modified version of the HMM-Match algorithm [110] to generate samples of age

assignments.
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2.2.2.2 Probabilistic model of age assignments

Here we describe the probabilistic model of age assignments in the HMM-Match

algorithm [110]. This method finds samples of the pointwise age estimate Ai,j for

each data point di,j. Whereas the stack spans most of the Pliocene-Pleistocene, most

records cover only some portions of the the total length. Thus, it is required to

roughly select an initial target, which is a segment of the stack corresponding to

each record.

There are three possible states for the alignment between a target and di,j: match-

ing, insertion, or deletion. When a target and a record span the same interval, all

data points of a record are considered as emitted data from a target and all alignment

states are matching. On the other hand, if their spans are different, the alignment

states can be either insertions or deletions at the top or bottom of the records. When

a record covers a longer interval than a target, we treat the additional part of the

record as inserted data. Alternatively, if a record spans a shorter interval than a

target, we assume that the corresponding data in the record is deleted.

In addition to the three alignment states, we consider one more state, matching-

end. The matching-end state indicates that the matched portion is over, and the

rest of the states are either insertions or deletions. Figure 2.4 illustrates the flows of

state changes. Begin and End indicate that alignment begins and ends, respectively.

Without the matching-end state, a matching state has four possible choices for the

next state: matching, insertion, deletion, or end. The probability of staying in match-

ing states is almost always nearly one because we have a long series of one-to-one

alignments of a record to the stack. Thus, transitions from matching to insertion or

deletion rarely occurs. Adding the matching-end state prevents such situations, so it

enables the algorithm to enter an insertion state or deletion state at the end more
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Figure 2.4: Flows of state changes in (a) the original HMM-Match algorithm and (b) the modified
version for this study. The letters are as follows: B stands for begin, E stands for end, I stands for
insertion, D stands for deletion, M stands for matching, and ME stands for matching-end. Possible
state transitions are illustrated with arrows. A rotating arrow represents alignments that can remain
in the current state.

frequently, which gives more flexibility in alignments.

Because sedimentation rates vary both spatially and temporarily, finding matched

portions of a record does not give us a synchronous age estimate. Therefore, it is

necessary to allow for differences in sedimentation rates between various records and

over time within specific records to determine age estimates. Based on the ratio

of two lengths, the length between di,j and di,j+1 and the length between Ai,j and

Ai,j+1, the matching state is categorized into 17 states from a 4:1 (expansion) to a

1:4 (contraction).

This model assumes that a sedimentation rate between points j + 1 and j + 2

of a record, given all previous sedimentation rates, depends only on one immediate

previous sedimentation rate between points j and j + 1, which yields the Markov

property of this HMM algorithm. That is, the conditional probability of the rate from

di,j+1 and di,j+2 depends directly only on the rate from di,j and di,j+1 and not on any

previous rates given the current rate. This property is written with corresponding

age estimates as follows:

P (Ai,j+1|Ai,j, Ai,j−1, · · · , Ai,2, Ai,1) = P (Ai,j+1|Ai,j, Ai,j−1) (2.3)
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Thus, while all rates are dependent on one another, the rate at any given point in

a record is only indirectly dependent on the historic rates only through the most

recent rate. This model is called the hidden Markov model (HMM) [46, 154] because

the unknown states follow the Markov property and these can be inferred through

observations, which are the benthic records. In HMM terminology, equations (2.1)

and (2.2) refer to the emission model, and equation (2.3) represents the transition

model. Because we construct a stack by aligning multiple records simultaneously

rather than aligning one single record to a target, the model is called the profile

HMM. The advantage of the profile HMM over the deterministic approach employed

in the construction of LR04 is that it returns confidence intervals for the stack. Also,

probabilistic algorithms do not require us to model outliers separately in probabilistic

algorithms; the algorithm assigns a small probability to outliers of δ18O values and

extreme expansions or contractions instead.

2.2.3 Baum-Welch Expectation-Maximization algorithm

The probabilistic model includes multiple unknown parameters: {µt, σ2
t } which de-

scribe the mean δ18O and attached variance for each time step t, {τi} which is the

set of parameters representing a mean shift of each record, and {φi} which accounts

for the set of parameters concerning the alignment of the record i. More precisely,

{φi} includes state transition probabilities and initial state probabilities.

Let Θ refer to the set of all theses unknown parameters. The unknown param-

eters are learned by the iterative Baum-Welch algorithm [46, 154]. This algorithm

finds parameters which maximize the likelihood of records. Because we assume that

each record is emitted from the stack independently, the total likelihood of records
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becomes

P (R|Θ) = P (record1, record2, · · · , recordN |Θ) =
n∏
i=1

P (recordi|Θ), (2.4)

where R refers the set of all records, (record1, record2, · · · , recordN). The algorithm

starts by setting initial values of unknown parameters, say Θ1, to be their best

guesses. Then, it iterates two steps: the expectation-step (E-step) and maximization-

step (M-step). In the kth E-step, we find the likelihood with the current set of pa-

rameters Θk. Then, in the kth M-step, we find the new set of parameters Θk+1 which

maximizes the likelihood of the records.

It can be shown that maximizing the likelihood, P (R|Θ), is equivalent to maxi-

mizing the expected value of logP (R,A|Θ) over the distribution of R given Θk [46],

where A represents the set of age estimates (A1, A2, · · · , AN):

Q(Θ|Θk) =
∑
A

P (A|R,Θ) logP (R,A|Θ) (2.5)

Using the Bayes rule, the log likelihood of record i can be written as

logP (R|Θ) = logP (R,A|Θ)− logP (A|R,Θ)

Multiplying by P (A|R,Θk) and marginalizing out A yields

∑
A

P (A|R,Θk) logP (R|Θ) =
∑
A

P (A|R,Θk) (logP (R,A|Θ)− logP (A|R,Θ))

logP (R|Θ) = Q(Θ|Θk)−
∑
A

P (A|R,Θk) logP (A|R,Θ)
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In the kth M-step, we want to find Θk such that

logP (R|Θk+1)− logP (R|Θk) > 0

That is,

Q(Θk+1|Θk)−Q(Θk|Θk) +
∑
A

P (A|R,Θk) log
P (A|R,Θk)

P (A|R,Θk+1)
> 0

As the last term of the left hand side is the relative entropy, it is always non-negative.

Thus,

Θk+1 = argmaxΘQ(Θ|Θk). (2.6)

The E-step and M-step evaluate Q(Θ|Θk) and maximize Q(Θ|Θk), respectively.

2.2.3.1 Expectation-step: forward algorithm and backward sampling al-

gorithm

The E-step is composed of two procedures: the forward algorithm and the stochastic

backward sampling algorithm. Remark that there are two methods for accounting

for down stream dependencies: backward summation and backward sampling. Here,

as in the HMM-Match, we use backward sampling.

The forward algorithm finds the likelihood of a record considering all possible

alignments starting from the top of each record:

P (recordi|Θ) =
∑
Ai

P (recordi, Ai|Θ)

The total likelihood of all records can then be computed from equation (2.4). We
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marginalize out all possible alignments with the help of the forward variable.

The forward variable of the record i, αi(j, k, l), is a joint probability of record

values up to the jth point and the age assignments of the jth and (j − 1)th points,

that is,

αi(j, k, l) = P (di,1, di,2, · · · , di,j, Ai,j = k,Ai,j−1 = l|Θ).

The forward variable can be decomposed into the products of the emission the tran-

sition probabilities as follows:

αi(j, k, l) = P (di,1, di,2, · · · , di,j, Ai,j = k,Ai,j−1 = l|Θ)

=
∑

a1,a2,··· ,aj−2

P (di,1, di,2, · · · , di,j, Ai,1 = a1, Ai,2 = a2,

· · · , Ai,j−2 = aj−2, Ai,j−1 = l, Ai,j = k|Θ)

=
∑

a1,a2,··· ,aj−2

P (Ai,1 = a1) · P (Ai,2 = a2|Ai,1 = a1)

·
j∏

n=3

P (Ai,n = an|Ai,n−1 = an−1, Ai,n−2 = an−2)

·
j∏

n=1

f(di,n|Ai,n = an,Θ)

(2.7)

where aj = k and aj−1 = l. There are two kinds of state transitions: transitions from

the Begin state to the End state, as described in Figure 2.4, and transitions due to

changes in sedimentation rates while staying in the matching state. To describe these

two state transitions, we introduce two functions: φ and ρ. Let φAB be a transition

probability from state A to state B where A and B can be either B (begin), E (end),

M (matching), I (insertion), D (deletion), or ME (matching end). Let ρ(rj−1, rj) be

a transition probability from rate rj−1 to rate rj where

rj =
Ai,j − Ai,j−1

di,j − di,j−1

. (2.8)
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Note that φ should be estimated for each record, but ρ is fixed as in the HMM-Match

algorithm [110].

The first three terms of equation (2.7) can be rewritten using φ and φ. The first

term P (Ai,1 = a1), which is the probability of the age assignment of the first data

point, becomes

P (Ai,1 = a1) = (φBM)1−χt
[
(φBD)l

t
D−1(φDD)l

t
D(φDM)l

t
D−1
] [

(φBI)
ltI−1(φII)

ltI (φIM)l
t
I−1
]
,

where

χt =

 0 if ltD = ltI = 0

1 otherwise,

and ltD and ltI represent the length of deletion states and insertion states at the

top of the core i, respectively. The second term P (Ai,2 = a2|Ai,1 = a1) represents

the probability of the age assignment of the second data point given the first age

assignment.

P (Ai,2 = a2|Ai,1 = a1) = P

(
r1 =

a2 − a1

di,2 − di,1

)
· φMM .

An initial sedimentation rate r1 is determined using the first two age assignments,

and these two age assignments imply that an alignment stays in the matching state.

The third term P (Ai,n = an|Ai,n−1 = an−1, Ai,n−2 = an−2) represents the changes in

sedimentation rates from rn−1 to rn.

P (Ai,n = an|Ai,n−1 = an−1, Ai,n−2 = an−2) =

 ρ(rn−1, rn) · φMM if n < Li or an < T

ρ(rn−1, rn) · φb if an = Li,

where Li is the length of record i and T is the length of target. Before reaching these

two limits, an alignment stays in the matching state, so the third term includes φMM .
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Once an alignment reaches these limits, we need to take into account insertion states

and deletion states for the bottom of the core i as we did for the top of the core i,

using the state transition term φb defined as follows:

φb = φMMφMMe(φMeE)1−χb
[
(φMeD)l

b
D−1(φDD)l

b
D(φDE)l

b
D−1
] [

(φMeI)
lbI−1(φII)

lbI (φIE)l
b
I−1
]
,

where

χb =

 0 if lbD = lbI = 0

1 otherwise,

and lbD and lbI represent the length of deletion states and insertion states at the

bottom of the core, respectively.

The last term of equation (2.7) is the emission probability. Each data point of

the benthic δ18O records is assumed to follow the normal distribution as described

in equation (2.2), so the emission probability of di,j given its age assignment Ai,j = k

and Θ becomes

f(di,j|Ai,j = k,Θ) =
1√

2πσ2
k

exp

(
−(di,j − (τi + µk))

2

2σ2
k

)
. (2.9)

Instead of marginalizing out age assignments, the forward variables can be evaluated

recursively.

αi(j, k, l) = P (di,1, di,2, · · · , di,j, Ai,j = k,Ai,j−1 = l|Θ)

=
∑
m

P (di,1, di,2, · · · , di,j, Ai,j = k,Ai,j−1 = l, Ai,j−2 = m|Θ)

=
∑
m

f(di,j|Ai,j = k,Θ) · P (Ai,j = k|Ai,j−1 = l, Ai,j−2 = m)

· P (di,1, di,2, · · · , di,j−1, Ai,j−1 = l, Ai,j−2 = m|Θ)

= f(di,j|Ai,j = k,Θ)
∑
m

P (Ai,j = k|Ai,j−1 = l, Ai,j−2 = m)αi(j − 1, l,m)
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Once we evaluate all forward variables, we can find the likelihood of record i, and

then the total likelihood of all records.

P (record1, record2, · · · , recordn|Θ)

=
n∏
i=1

P (recordi|Θ)

=
n∏
i=1

∑
Ai

P (recordi, Ai|Θ)

=
n∏
i=1

∑
Ai

∑
k,l

P (di,1, di,2, · · · , di,Li
, Ai,Li

= k,Ai,Li−1 = l|Θ)

=
n∏
i=1

∑
Ai

∑
k,l

αi(Li, k, l)

Backward sampling algorithm

The stochastic backward sampling algorithm draws samples of alignments A∗i

following

P (A∗i |recordi,Θk) =
P (recordi|A∗i ,Θk)P (A∗i |Θk)∑
Ai
P (recordi|Ai,Θk)P (Ai|Θk)

(2.10)

where every term in the right hand side, including the summation in the denominator,

is evaluated from the forward algorithm. We use 1000 stochastic back trace samples

for each record. The samples are independent of each other and representative of the

space of all alignments.

For each sample, we start sampling from the last two age estimates, Ai,Li
and

Ai,Li−1. The probability of the last two age estimates, given record i, can be obtained
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using the forward variables:

P (Ai,Li
= k,Ai,Li−1 = l|di,1, di,2, · · · , di,Li

)

=
P (Ai,Li

= k,Ai,Li−1 = l, di,1, di,2, · · · , di,Li
)∑

k,l P (Ai,Li
= k,Ai,Li−1 = l, di,1, di,2, · · · , di,Li

)

=
α(Li, k, l)∑
k,l α(Li, k, l)

(2.11)

Once we sample the last two age estimates, we can continue sampling backwards,

again using the forward variables as follows:

P (Ai,j−2 = m|di,1, di,2, · · · , di,j, Ai,j = k,Ai,j−1 = l)

=
f(di,j|Ai,j = k)P (Ai,j = k|Ai,j−1 = l, Ai,j−2 = m)P (di,1, di,2, · · · , di,j−1, Ai,j−1 = l, Ai,j−2 = m)

P (di,1, di,2, · · · , di,j, Ai,j = k,Ai,j−1 = l)

=
f(di,j|Ai,j = k)P (Ai,j = k|Ai,j−1 = l, Ai,j−2 = m)α(j − 1, l,m)

α(j, k, l)
(2.12)

These forward and backward algorithms for each record correspond to the E-step of

the HMM-Match method.

2.2.3.2 Maximization-step

The M-step updates the maximum likelihood estimates of unknown parameters Θ,

i.e. τi, φi, the means µt and the variances σ2
t of the stack points using the sample

alignments generated from equations (2.10, 2.11, 2.12). Let Ã be the set of samples

for all records:

Ã = (Ã1, Ã2, · · · , ÃN),

where Ãi be the set of samples for record i. Note that we have 1000 samples for each

record. The goal of the M-step is to maximize the total likelihood using all samples Ã.

As derived above, to maximize the total likelihood (2.4) is equivalent to maximize
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Q(Θ|Θk) (2.5). Because we have samples Ã following the posterior probability of

alignments (2.10), we estimate Q(Θ|Θk) using the samples.

Q(Θ|Θk) ≈ Q̃(Θ|Θk) =
∑
Ã

logP (R, Ã|Θk) = log
N∏
i=1

P (Ri, Ãi|Θk)

As derived in (2.7), the term P (Ri, Ãi|Θk) contains the transition probability terms

and the emission probability terms:

P (Ri, Ãi|Θk) = P (di,1, di,2, · · · , di,Li
, Ai,1 = a1, Ai,2 = a2,

· · · , Ai,Li−2 = aLi−2, Ai,Li−1 = aLi−1, Ai,Li
= aLi

|Θk)

= P (Ai,1 = a1) · P (Ai,2 = a2|Ai,1 = a1)

·
Li∏
n=3

P (Ai,n = an|Ai,n−1 = an−1, Ai,n−2 = an−2)

·
Li∏
n=1

f(di,n|Ai,n = an,Θk)

For each record i, we update parameters τi and φi.

(τi, φi) = argmax logP (Ri, Ãi|Θk)

The mean shift τi is contained in the emission probability term. Thus,

τi = argmax logP (Ri, Ãi|Θk)

= argmax log

Li∏
n=1

f(di,n|Ai,n = an,Θk)

= argmax

Li∑
n=1

log

(
1√

2πσ2
t

exp

(
−(di,j − µt)− τi))2

2σ2
t

))

=

∑Li

1 (di,j − µt)
Li

(2.13)
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To update τi in the kth iteration, we use µt which is obtained in the (k−1)th iteration.

There is no closed form for φi, so we find it numerically using the MATLAB function

fmincon.

Consider that we are updating the tth point of the stack, st. It is the emission

probability term that includes the parameters of the stack, µt and σ2
t . Thus, it is

enough to consider the emission probability to find these two estimators:

(µt, σ
2
t ) = argmax log

N∏
i=1

Li∏
n=1

f(di,j|Ai,j = aj,Θk)

= argmax log
N∏
i=1

∏
j s.t.
Ai,j=t

f(di,j|Ai,j = t,Θk)

= argmax
N∑
i=1

∑
j s.t.
Ai,j=t

log

(
1√

2πσ2
t

exp

(
−(di,j − τi)− µt))2

2σ2
t

))

After collecting all sampled δ18O values that are aligned to the stack point st, we

find the maximum likelihood estimators for µt and σ2
t which are the mean and the

variance of the aligned samples. Note that we should take into account the mean

shift when computing the mean of the aligned samples. Here we are using the mean

shift estimated using (2.13) in the kth iteration.

µt =

∑N
i=1

∑
j s.t.
Ai,j=t

(di,j − τi)

(Number of samples aligned to st)

σ2
t =

∑N
i=1

∑
j s.t.
Ai,j=t

(di,j − τi − µt)2

(Number of samples aligned to st)

These two estimators determine the distribution of the stack point st.

The algorithm of constructing a probabilistic stack can be summarized as follows:
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1. Set initial values for unknown parameters.

2. Run the E-step for each record.

(a) Forward algorithm computes the likelihood of a record considering all

possible alignments.

(b) Backward sampling draws possible alignments with the stack based on

the probability computed from the forward algorithm.

3. Compute the total likelihood of all records.

4. Run the M-step for each record and update the stack for each time step.

5. Run the E-step for each record as step 2.

6. Compute the total likelihood of all records. Stop if the total likelihood does

not improve by more than 0.1%, otherwise go to step 4.

We set initial values of the stack to be the LR04 stack. This implies that the

Prob-stack share the same time domain as the LR04 stack (Table 2.1), and that

we take the LR04 age model as initial condition. Note that, however, we do not

employ the LR04 stack values in updating the probabilistic stack. Only the data

points in the individual records are employed according to their age assignment

samples. This allows the final solution to converge to a result different from the

initial target, as demonstrated below. Also, the profile HMM does not require any

other age information except choosing a target for each record. A target can be

selected with rough age estimates because the algorithm detects matched portions

by allowing insertion and deletion states at the top and the bottom of a record. More

discussion on initial values is given in the Technical Validation.
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Table 2.1: Interval sizes of the stack.

Time [Ma] Interval Size [kyr]
0 - 0.6 1.0

0.6 - 1.5 2.0
1.5 - 3.0 2.5
3.0 - 5.0 5.0

A probabilistic stack reflects the uncertainty by using the samples of age assign-

ments. Analysis of the HMM-Match algorithm demonstrates that the variance of

age assignments decreases approximately linearly with the resolution of the records

[110]. Thus, the contribution of data from low-resolution records spreads to a rela-

tively large number of stack points, while the data from high-resolution records tend

to be aligned over a smaller number of stack points. In this manner, the algorithm

naturally gives more weight to high resolution records within each stack bin.

2.2.4 Code availability

Open sources software and its manual are available at https://github.com/seonminahn/HMM-

Stack for researchers to construct their own stack using benthic δ18O records. How-

ever, we note that such a construction of the stack will require extensive use of

high performance computing resources. Constructing the Prob-stack took about one

month with 200 computing nodes as it takes over 100 hours for a high-resolution

record to complete one iteration.
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2.3 Technical validation

2.3.1 Comparison between the LR04 stack and the Prob-

LR04-stack mean

To evaluate how the results of the profile HMM alignment compare with those from

the deterministic pairwise alignment used in LR04, we created the Prob-LR04-stack,

which uses the same 57 records that are contained in the LR04 stack. Because the

LR04 and Prob-LR04 stacks contain exactly the same data, any differences between

these two stacks must derive from the techniques used to create them. The means

of Prob-LR04-stack and LR04 are very similar (Figure 2.5); the main differences

are small age offsets (similar to those observed in the full Prob-stack), and that the

Prob-LR04 mean is slightly smoother than LR04 due to the probabilistic nature of

the alignment, which spreads the effects of uncertain age assignments across multiple

time points.



30Figure 2.5: The Prob-LR04-stack constructed using the same 57 records that are contained in the LR04 stack. The stack is plotted with MIS labels
and magnetic polarity reversal stages. Note that the scale of the vertical axis changes across panels.
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Table 2.2: Relative difference in variances between the Prob-stack and the Prob-LR04-stack. A
positive value implies that the Prob-stack represents higher variability.

Time [Ma] Relative difference in variances between two Prob-stacks [%]
0 - 0.5 25.59

0.5 - 1.0 5.23
1.0 - 1.5 -4.81
1.5 - 2.0 -0.74
2.0 - 2.5 5.31
2.5 - 3.0 11.56
3.0 - 3.5 17.49
3.5 - 4.0 30.30
4.0 - 4.5 25.96
4.5 - 5.0 24.44

2.3.2 Comparison between the Prob-stack and the Prob-

LR04-stack

It is also of interest to examine the differences that result from the additional 123

records contained in the full Prob-stack compared to the 57 in the Prob-LR04-stack

(Figure 2.6). The average difference in the mean signal is less than 0.06h, but

the Prob-stack is smoother than the Prob-LR04-stack because it includes a larger

number of benthic δ18O records. Figure 2.7 shows the number of records used to

construct each point of the two stacks. The confidence limit of the Prob-stack is 12%

larger than the Prob-LR04-stack overall, but it varies from -5% to 30%, depending

on intervals (Table 2.2). The difference emerges from the diversity of an additional

set of records added to the Prob-stack. This indicates that the variability within the

57 cores used in the Prob-LR04-stack was less than that captured in the larger data

set. Note that the confidence band does not decrease by using a larger number of

records because the variance term explains the variability of records rather than the

error of the mean value.
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Figure 2.6: Comparison between the Prob-stack and the Prob-LR04-stack. The red lines and the blue lines represent the results of the Prob-LR04-
stack and the Prob-stack, respectively. The black line represents the difference between the two stacks. The upper panel (a) and the lower panel (b)
show the mean and the 95% confidence interval of the stacks, respectively.
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Figure 2.7: The number of records used to construct each stack point of (a) the Prob-LR04-stack
and (b) the Prob-stack.

2.3.3 Sensitivity of results to initial values

The profile HMM algorithm does not require age information, except in the target

selection. Also, the stack construction algorithm does not include any further age

tuning process. However, the two Prob-stacks constructed in this study indirectly

employ age information by taking the LR04 stack as initial values. This implies that

the constructed stacks follow the same age model as the LR04 stack. Further analysis

on the age model of the Prob-stack is beyond the scope of the current study.

There is a chance of the EM method converging to a local maximum instead of

a global maximum depending on initial conditions [46]. To find the global maximum

estimator, we may run the EM algorithm multiple times with various initial condi-

tions. However, it requires too much time to run the EM algorithm multiple times,

so we conduct the sensitivity analysis with different initial conditions for the recent

500-kyr interval.

Sensitivity analysis is done with two alternate initial values: a piecewise linear

approximation of the LR04 stack and a constant value set to the overall mean of

the LR04 stack (Figure 2.8(a), (b)). We call the two stacks constructed from these

two initial values Prob-LR04-ICL and Prob-LR04-ICC, respectively. Prob-LR04 and
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Table 2.3: Phase differences between Prob-LR04 and Prob-LR04-ICC. Positive values imply that
Prob-LR04-ICC changes earlier than Prob-LR04.

Time [ka] Phase difference between Prob-LR04 and Prob-LR04-ICC [ka]
0 - 50 4

50 - 100 11
100 - 150 10
150 - 200 6
200 - 250 6
250 - 300 2
300 - 350 0
350 - 400 -2
400 - 450 1
450 - 500 1

Prob-LR04-ICL almost overlap each other. However, we observe phase differences

between Prob-LR04 and Prob-LR04-ICC. There phase differences are up to 11-kyr

between 0 – 250 ka, but the differences are less than 2-kyr for the periods older

than 250 ka. The size of the phase differences is estimated using a normalized cross-

correlation which measures the similarity of the two stacks. The normalized cross-

correlation is an inner product of one stack and the lagged version of another stack.

The phase difference is determined as the lag size which maximizes normalized cross-

correlation. Table 2.3 and Figures 2.9 - 2.18 show the estimated phase difference

between two stacks. In these figures, the left panel shows Prob-LR04 and Prob-LR04-

ICC, the center panel shows both Prob-LR04 and the lagged version of Prob-LR04-

ICC for comparisons, and the right panel shows the normalized cross-correlation

versus the size of lag.

Prob-LR04-ICC shows that the detailed stratigraphic features of Prob-LR04 are

obtained well, even starting from a constant value. Figures 2.19 - 2.22 show updates

of the stacks over iterations. These results mean that the algorithm does not require

detailed stratigraphic features from initial values, but approximate periodic patterns
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are helpful for constraining the Prob-stack age model. We confirmed that the over-

all averages of relative accumulation rate are higher in the case of Prob-LR04-ICL

where we observe phase differences (Figure 2.8(c), Figure 2.8(d)). The relative ac-

cumulation rate corresponds to the reciprocal of the rate in equation (2.8). Having

a relative accumulation rate at a greater value than one indicates that records are

expanded relative to the stack. This outcome implies that the recent records need to

be contracted in their alignments to converge to the similar periodic patterns of the

LR04 stack.

Figure 2.23 represents changes of the total likelihood of records over iterations,

and indicates that the likelihoods are converged in both stacks. Even though the

likelihoods are converged, the total likelihood of Prob-LR04-ICC is smaller than

that of Prob-LR04-ICL. Thus, we can consider Prob-LR04-ICC as an example of a

local maximum.

The sensitivity results confirm that the construction algorithm can obtain de-

tailed stratigraphic features without any prior information regarding the benthic

δ18O signals. However, the likelihood comparison indicates that the algorithm may

converge to local maximums instead of the global maximum. The stack starting from

the linear approximation of the LR04 stack (Prob-LR04-ICL) returns similar peri-

odic patterns to the LR04 stack and gains greater values in its total likelihood than

Prob-LR04-ICC. Therefore, setting the initial values to be the LR04 stack can be

considered as a better way to converge to similar periodic patterns to the LR04 stack

while having a larger likelihood of records.
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Figure 2.8: Sensitivity of results to initial values. Top panels: The red lines represent the Prob-
LR04-stack when initial values are set to be the LR04 stack. The black lines represent the recon-
structed stacks starting from the blue lines where the blue lines represent (a) the linear estimation
of the LR04 core and (b) the mean value of the LR04 core. Bottom panels: The overall average
of relative accumulation rates over the LR04 cores when initial values are set to be (c) the linear
estimation and (d) the mean value of the LR04 core.
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Figure 2.9: Lag Size of Prob-LR04-ICC compared against Prob-LR04 for t ∈ [0, 50].
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Figure 2.10: Lag Size of Prob-LR04-ICC compared against Prob-LR04 for t ∈ [51, 100].
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Figure 2.11: Lag Size of Prob-LR04-ICC compared against Prob-LR04 for t ∈ [101, 150].
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Figure 2.12: Lag Size of Prob-LR04-ICC compared against Prob-LR04 for t ∈ [151, 200].
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Figure 2.13: Lag Size of Prob-LR04-ICC compared against Prob-LR04 for t ∈ [201, 250].
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Figure 2.14: Lag Size of Prob-LR04-ICC compared against Prob-LR04 for t ∈ [251, 300].
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Figure 2.15: Lag Size of Prob-LR04-ICC compared against Prob-LR04 for t ∈ [301, 350].
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Figure 2.16: Lag Size of Prob-LR04-ICC compared against Prob-LR04 for t ∈ [351, 400].
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Figure 2.17: Lag Size of Prob-LR04-ICC compared against Prob-LR04 for t ∈ [401, 450].
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Figure 2.18: Lag Size of Prob-LR04-ICC compared against Prob-LR04 for t ∈ [451, 500].

2.3.4 Probability model of the Prob-stack

The Prob-stack is assumed to follow the normal distribution with mean µt and

variance σ2
t . Here we examine the normality assumption of the Prob-stack using a

Q-Q plot [205] comparing the distribution of the aligned samples and the assumed

normal distributions of the δ18O proxies at several points in the stack. As shown in

Figure 2.24, most of the points on the Q-Q plot lie on the line y = x, which implies

that the aligned samples follow the assumed normal distribution of the stack value.

In addition to the normality assumption of the Prob-stack, we assumed that each

benthic δ18O record is emitted from the stack, and thus we estimate the distribution

of the stack from the cores. This also indicates that we assumed δ18O values to be

synchronous throughout the ocean. Strictly speaking, generalization to all locations

in the oceans without bias would require records to be sampled randomly over the

oceans. Although the records comprising the stack seem to follow this assumption,

they are not random samples from all locations in the ocean. Thus, we cannot be

confident that the estimates for all ocean sediments are unbiased, but rather that the

estimates reflect any biases stemming from the decision made in selecting these loca-

tions. Also, we assumed that any autocorrelation in the δ18O values is accounted for

by the gradual changes in the mean µt. However, the Prob-stack represents a climate
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Figure 2.19: [Prob-LR04-ICC] Stack updates over iterations (iteration 0 to 7). Iteration 0 indicates
the initial condition. The black lines represent the reconstructed stacks starting from the constant
line (the overall mean of the LR04 stack) and the grey areas represent the 95% confidence interval
of the reconstructed stack. The red lines represent the Prob-LR04 stack when initial values are set
to be the LR04 stack.
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Figure 2.20: [Prob-LR04-ICC] Stack updates over iterations (iteration 8 to 12). The black lines
represent the reconstructed stacks starting from the constant line (the overall mean of the LR04
stack) and the grey areas represent the 95% confidence interval of the reconstructed stack. The red
lines represent the Prob-LR04 stack when initial values are set to be the LR04 stack.
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Figure 2.21: [Prob-LR04-ICL] Stack updates over iterations (iteration 0 to 7). Iteration 0 indicates
the initial condition. The black lines represent the reconstructed stacks starting from the piecewise
linear approximation of the LR04 stack and the grey areas represent the 95% confidence interval
of the reconstructed stack. The red lines represent the Prob-LR04 stack when initial values are set
to be the LR04 stack.
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Figure 2.22: [Prob-LR04-ICL] Stack updates over iterations (iteration 8 to 12). The black lines
represent the reconstructed stacks starting from the piecewise linear approximation of the LR04
stack and the grey areas represent the 95% confidence interval of the reconstructed stack. The red
lines represent the Prob-LR04 stack when initial values are set to be the LR04 stack.
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Figure 2.24: Q-Q plots: The empirical Q-Q plot of the samples aligned at (a) 500ka, (b) 1000ka,
(c) 1500ka, and (d) 2000ka versus the distribution of the Prob-stack.
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Figure 2.25: Reconstructed stack from the simulated records reflecting the period of (a) 0 - 500ka
and (b) 3000 - 3500ka: The red lines represent the Prob-LR04 stack while black lines and the grey
areas represent the mean and 95% confidence interval of the reconstructed stack from simulated
records, respectively.

time series, where the intervals between the points in the stack are short compared

to glacial cycle wave length. Thus, we can consider including further autocorrelation

terms in models in future studies.

The algorithm constructing the new stacks can be validated through pseudo-

proxy experiments. After setting parameter values using Prob-LR04-stack as known

values, pseudo-proxies are generated based on the resulting probabilistic model. Two

sets of pseudo-proxies are simulated: The first set contains 40 sample records reflect-

ing the resolution of 0 to 500ka, and the second set includes 20 sample records

reflecting the resolution of 3000 to 3500ka. Because we have known values of the

parameters, we can evaluate the algorithm by comparing the reconstructed stacks

and the exact values. As shown in the two plots in Figure 2.25, the algorithm can

accurately reconstruct the distribution of the stacks. The root mean squared errors

of the mean values of two stacks are 0.057 and 0.056.
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2.4 Usage notes

The Prob-stack is probabilistic, i.e., it represents the distribution of the stack for each

time step using a normal distribution with mean and variance. Both the mean and

the variance information should be used simultaneously for the applications of the

Prob-stack. Here we introduce two applications; age estimation of a benthic δ18O core

and lead/lag analysis between two events observed from different cores, which can

reasonably be completed on a modern laptop or desktop. Open sources software for

the Prob-stack, called HMM-Stack, (https://github.com/seonminahn/HMM-Stack)

includes the codes for these two applications.

The algorithm of constructing the Prob-stack includes a procedure to find align-

ments of benthic δ18O records to the Prob-stack. Because the Prob-stack is based on

many additional records beyond LR04 and includes uncertainty estimates, it would

be a mistake to use the LR04 stack for age estimations from this point forward. This

procedure finds age estimates of a benthic δ18O record using both the means and

the variances of the Prob-stack. As an example, Figure 2.26(a) shows alignments of

the benthic δ18O record from the site GeoB 1041 [13]. Among possible alignment

samples, the median alignment is chosen as it represents the central tendency of the

posterior probability distribution of alignment [110]. The length of the confidence

band varies from 2.5-kyr to 12.5-kyr. Note that it sometimes increases up to 1/4

of the obliquity cycle. When the signal varies a lot, the confidence band tends to

decrease. For example, around 130 ka, the δ18O signal increases significantly, caus-

ing the confidence band to decrease. We also display uncertainty information of age

estimates (Figure 2.26(b)) and relative accumulation rates with respect to the Prob-

stack (Figure 2.26(c)).
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Figure 2.26: Example of benthic δ18O record age estimation. (a) represents the median alignment
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Lead/lag analysis between two events observed from different cores can be done

using age estimates of the two events. For example, let a1 and a2 be the age estimates

of ODP1143 [190] at 8.1m and ODP1123 [58, 63] at 7.3m below the sediment surface,

respectively. The probability that a1 occurs earlier than a2 can be estimated by the

joint distribution of a1 and a2 as follows:

P (a1 > a2 | record1143, record1123) =
∑
a1>a2

P (a1, a2 | record1143, record1123)

=
∑
a1>a2

P (a1 | record1143)P (a2 | record1123)

(2.14)

The second equality holds as we assume benthic δ18O records are independent sam-

ples emitted from the Prob-stack. After finding the age estimates a1 and a2 inde-

pendently, the distribution of the age difference can obtained from equation (2.14)

as shown in Figure 2.27. While the median age difference (a1 − a2) is -1.4-kyr, the

95% confidence interval is -4.1-kyr to 2.7-kyr. This outcome indicates that any ap-

parent differences in age fall within the realm of chance. Both HMM-Match AND

HMM-Stack can be used to infer lead/lag. However, since HMM-Stack takes into

account the substantial differences in variances with age while HMM-Match does

not, HMM-Stack should be used when using the HMM-Stack. HMM-Match remains

useful for comparisons with other targets that do not incorporate uncertainty.

2.5 Discussion

In this study, we presented the Probabilistic stack (Prob-stack), which is a repre-

sentative time series of 180 benthic δ18O records constructed using a profile hidden

Markov model. The construction algorithm finds alignments of multiple records and

then obtains the Prob-stack which maximizes the likelihood of the records. We did
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Figure 2.27: Lead/lag relationships between the two data points marked with circles in (a)
ODP1143 (located 8.1m below the sediment surface) and (b) ODP1123 (located 7.3m below the
sediment surface). The distributions of age estimates are shown in (c), and the distribution of the
age difference is plotted in (d).

not include further age adjustments after aligning with the automated process. Thus,

we could not guarantee that the assigned ages are consistent with absolute ages. We

instead called it a synchronous age estimate because the alignment procedure syn-

chronizes ages from multiple records. The phase differences between the Prob-mean

and the LR04 stack may stem from the synchronous age estimates as well as lower

compression near the tops of the cores. Further adjustments in age estimates can be

considered in future studies; aligning the Prob-stack to 21 June insolation at 65°N

or to the obliquity of Earth’s movements could provide relative age estimates of

the Prob-stack, and magnetic reversal indexes would act as milestones to determine

absolute ages estimates.

When more data have become available, we can update the Prob-stack by in-

cluding the new data and supposing the initial value of the stack set to be the



50

current Prob-stack. The current algorithm requires iterations of the EM algorithm

using all benthic δ18O records to construct the new probabilistic stack. It took about

one month to complete the construction of the stack with parallel running of the

algorithm, as a high-resolution and long-coverage record require a heavy computing

load. Further developing the stack algorithm to update the Prob-stack using only the

newly-added record would greatly reduce the computing time of stack construction

and speed up the development of new stacks.

The preceding study [112] that introduced the LR04 stack has been cited over

2900 times over the last twelve years since it was first introduced, thereby proving

the usefulness of the benthic stack. As we added 123 additional records to the 57

LR04 cores to provide a probabilistic distribution of δ18O values for each time step,

the Prob-stack delivers a more complete description of the global nature of δ18O

values and allows assessment of the uncertainty in relative ages, such as lead-lag

relationships.



Chapter Three

The role of uncertainty in

estimating lead/lag relationships

in sea surface temperatures in the

tropical Pacific
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3.1 Background & Summary

In order to understand glacial terminations, it is important to identify the timing of

these events from the geological records. However, achieving this goal is challenging

because of the limitations of the records and the complexity of the mechanisms for

determining glacial terminations. Despite a long interval of cooling climate, termi-

nation occurred within a relatively short interval. The most widely accepted theory

to explain this phenomenon is that the Northern Hemisphere ice sheets collapsed

in response to summer insolation [40]. However, some paleoclimate records support

a conflicting hypothesis which claims that tropical sea surface temperatures (SST )

caused continental ice volume changes [105, 202]. Examining this hypothesis requires

an analysis of the timing of SST changes during the glacial terminations between

the North Atlantic and the tropical Pacific, as well as within the tropical Pacific [14].

In this study, we explore the relative timing of the glacial terminations I, II, and

III across the tropical Pacific using 15 published SST records to evaluate the hy-

pothesis and to better understand climate change mechanisms. Because the goal of

this study is to examine the relative timing of the glacial termination, we can obtain

the results using the SST records even though the time of warming does not coincide

with the change in ice volume. The method to infer absolute termination ages from

SST changes includes the following three steps: First, we use either Mg/Ca of the

planktonic foraminifer Globigerinoides ruber or the Uk′
37 proxy to get a SST record

using Bayesian calibration [99, 98]. Next, we use a benthic δ18O proxy from the

same core to obtain age estimates using the HMM-Match algorithm [110]. Combin-

ing them, we get the SST time series, and finally, we infer absolute termination ages

in SST, which is determined using the change point algorithm [167, 166]. The relative

timing of the glacial terminations for the 15 records is estimated with one reference
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record MD05-2920 [188]. Inference of unknowns always includes uncertainty by na-

ture. Thus, deterministic approaches to assessing the potential differences might lead

to conclusions that may well be the results of chance, i.e. differences that are often

called not statistically significant. Through the timing analysis, when reflecting the

uncertainty of the three steps, we could not conclude that there are differences in

terminations between the eastern and western tropical Pacific due to high uncertain-

ties.

Here we explain the three inference steps, the tool to analyze the uncertainties,

and the relative timing results using the 15 SST records. Detailed discussions on the

results will be described in the preliminary paper.1

3.2 Method

3.2.1 Data collection

In this study, we collected 15 published SST records (Figure 3.1, Table 3.1). SST s

were derived from either Mg/Ca of the planktonic foraminifer Globigerinoides ruber

or the Uk′
37 proxy, and ages of records were estimated from benthic δ18O records.

Each of the collected records covers at least 100-kyr and has a resolution better than

2.5-kyr. The MD05-2920 record [188] includes two benthic curves based on Uvigerina

peregrina and Cibicidoides wuellerstorfi. The MD05-2920 record based on Uvigerina

peregrina is used as a reference record to find relative timings in this study.

1The work in this chapter is in collaboration with my advisor Dr. Charles E. Lawrence of Brown
University, Dr. Lorraine Lisiecki of the University of California, Santa Barbara, and Dr. Deborah
Khider of the University of California, Santa Barbara. This chapter includes materials from the
draft of the preliminary paper associated with this work.
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Figure 3.1: Location of the records used in this study. The colors represent water depths of the
cites. Circle: Mg/Ca, Triangle: Uk′

37.

3.2.2 Relative timing of glacial terminations

The timings of the glacial terminations are obtained from the SST time series, which

is composed of SST s from based on Mg/Ca or Uk′
37 proxies and age estimates from

benthic δ18O records. Bayesian calibration [98] generates 1000 samples of SST s and

the HMM-Match algorithm [110] finds 1000 samples of age estimates. Pairing these

two sets of samples, we get 1000 samples of SST time series. For each SST time

series, we run the Bayesian change point algorithm [167, 166] to generate 500 sam-

ples of change point locations, which refer to the timing of glacial terminations. The

probability distribution of the timing of the glacial terminations is estimated by com-

bining the samples of change point locations across all 1000 SST time series. After

finding the distribution of the absolute termination age for each record, we com-

bine two distributions of the absolute termination age, one of which is the reference

record, to construct the joint distribution. Next, we use this joint distribution to find

the probability distribution of the relative termination timing for each record. The

flowchart in Figure 3.2 summarizes these steps, and we briefly review these steps in

this section.
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Figure 3.2: Flowchart of the relative timing of the glacial termination.

SST records are derived from either Mg/Ca or Uk′
37 based on Bayesian Calibration

[98]. We use the following regression models to describe the relationship between

SST s and the proxies.

Mg/Ca = α0 exp(α1T ) + v, where v ∼ N (0, σ2
v),

Uk′

37 = β0 + β1T + w, where w ∼ N (0, σ2
w).

The regression model of Mg/Ca uses the measured Mg/Ca and temperature from

the culturing study [100]. The regression model of Uk′
37 uses the measured Uk′

37 and

temperature from the global core-top database [32]. The calibration model based on

the above-mentioned regression models is given by:

f(Φα | Mg/Ca, T ) ∝ f(Mg/Ca | T,Φα) · f(Φα),

f(Φβ | Uk′

37, T ) ∝ f(Uk′

37 | T,Φβ) · f(Φβ),

which implies that the posterior probability is proportional to the product of the

likelihood and the prior probability. The first term refers to the posterior probability

of the regression coefficients (Φalpha = (α0, α1, σ
2
v) and Φbeta = (β0, β1, σ

2
w)). The

second term represents the likelihood of the proxy, and the third term represents the

prior of the regression coefficients. The priors on α0 and α1 are assumed to follow
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normal distributions:

α0 ∼ N (0.075, 0.0006)

α1 ∼ N (0.5, 4)

The priors on β0 and β1 are uninformed, but β1 is constrained to be positive. Inverting

the calibration models, we get the following prediction model:

f(T | Φα,Mg/Ca) ∝ f(Mg/Ca | T,Φα) · f(T )

f(T | Φβ, U
k′

37) ∝ f(Uk′

37 | T,Φβ) · f(T )

The SST samples are generated from the measured proxies using the above predic-

tion model. The JAGS software package for Bayesian inference using Gibbs sampler

(http://mcmc-jags.sourceforge.net) is used to generate 1000 samples of SST s for

each record.

Age estimates are obtained by aligning the benthic δ18O record to the LR04 stack

using the HMM-Match algorithm [110]. The HMM-Match finds the age estimates

that reflect alignment uncertainties, as described in Section 2.2.3. This method aligns

a record to the stack iteratively using the EM algorithm. The profile HMM, explained

in Section 2.2.3, was developed based on the HMM-Match method. The two methods

have similar structures except that the HMM-Match uses the predetermined LR04

stack and does not update the stack. Also, the two algorithms have different emission

models. The emission model of the HMM-Match is given by

di,j|Ai,j = t ∼ N (τi + lt, σ
2
i ) (3.1)

where di,j and Ai,j represent the benthic δ18O value and its age estimate for the jth

point of the record i, respectively. Also, τi and σ2
i refer to the mean shift and the

variance of the record i, respectively. Lastly, lt refers to the LR04 stack value at time
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t. We are using the same notations with Section 2.2.3. The equation (3.1) implies

that di,j follows the normal distribution with mean τi + lt and variance σ2
i when the

age estimate of di,j is equivalent to t, i.e., Ai,j = t. The variance term reflects the

spatial variability between records and interlaboratory offsets [144]. The backward

sampling step in the EM algorithm generates 1000 samples of alignments, which

follow the posterior distribution (2.10), and we use these samples as age estimates

of the records.

The 1000 samples of SST s from the Bayesian calibration and the 1000 samples

of age estimates from the HMM-Match make up the 1000 pairs of SST time series.

Five pairs among these 1000 pairs of the reference record are illustrated in different

colors in the left panel of Figure 3.3. The black curve in the right panel is the SST

time series based on the median age estimate, and the grey area represents the 95%

confidence interval of the SST time series.

The Bayesian change point algorithm [167, 166] finds the timing of the glacial

terminations using the 1000 pairs of SST time series. Finding the termination using

this algorithm is equivalent to fitting SST time series into a piecewise linear curve.

The joints of linear segments become the location of change points, i.e. the timings of

the glacial termination. The change point algorithm considers every possible subin-

terval for the piecewise approximation by dynamic programming, and generates 500

samples of change point locations for each record. These samples reflect uncertain-

ties in the number and locations of the change points. The probability distribution

of change point locations is estimated by using these samples. The lower curves in

Figure 3.3 represent this probability distribution. A tall and thick peak indicates low

uncertainty while a short and wide peak implies high uncertainty.

As a result of the three steps, we get 500 change point samples for the 1000 SST
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time series. Now, we are ready to find the probability distribution of the timing of

the glacial terminations. Let C be a random variable for the timing of change point

representing the termination of a record. Let ~A be the vector of the age estimates

of a record, and ~T be the SST vectors from the calibration for a record. Also, let ~δ

and ~p be the vectors of the benthic δ18O values and the SST proxies for a record,

respectively. The joint probability of the timing of change points, age estimates, and

SST s given the measured data is

P (C, ~A, ~T | ~δ, ~p).

Recall that the age and SST estimates were obtained independently at each location.

Thus, we have

P (C, ~A, ~T | ~δ, ~p) = P (C | ~A, ~T , ~δ, ~p) · P ( ~A | ~δ) · P (~T | ~p).

Our interest is in the timing of the terminations given only the measured proxies ~δ

and ~p, so we use our samples to compute the sums over all possible ages and SST s

to find the probability of the timing:

P (C | ~δ, ~p) =
∑
all ~A

∑
all ~T

P (C | ~A, ~T , ~δ, ~p) · P ( ~A | ~δ) · P (~T | ~p) (3.2)

In addition, we include the prior information about termination ranges for the

inference of termination timings. The red shaded areas in Figure 3.3 represent these

ranges of terminations. The change point algorithm finds the change points outside

of these ranges, but our interests are constrained to the change points within these

ranges. Thus, we normalize the probability of change point locations by the ranges.

We assume that a termination time range is constrained by al and au. That is, C
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Figure 3.3: Results from the change point algorithm for the reference record MD05-2920 based on
U. peregrina. The left panel shows the results of the first five SST time series, indicated using five
different colors. The right panel shows the median age estimates and the 95% confidence interval
of the 1000 pairs of SST time series, indicated using a black line and a grey area, respectively. The
lower curves represent the probability distribution of change points.

must fall in the interval [al, au]. The conditional probability of C given the interval

becomes

P (C = c | al ≤ C ≤ au) =
P (C = c)∑c′=au

c′=al
P (C = c′)

. (3.3)

The expression P (C = c) will be used instead of the above conditional probability

form in the following derivations for simplicity.

As the main focus of this study is to find the probability of the relative timing of

glacial terminations that implies the lead/lag relationships between two locations, we

seek the probability distribution of the length of the lead/lag based on the reference

record (MD05-2920 with U. peregrina). We use the subscripts int and ref to indicate

random variables for the record of interest and the reference record, respectively. The

joint distribution of Cint and Cref given proxies is

P
(
Cint, Cref | ~δint, ~pint, ~δref, ~pref

)
.

Note that we exclude the uncertainty originated from Bayesian calibration as the
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variation due to calibration is negligible. Recall that the change points given proxies

are obtained independently at the two locations. Thus, we have

P
(
Cint, Cref|~δint, ~pint, ~δref, ~pref

)
= P

(
Cint | ~δint, ~pint

)
· P
(
Cref | ~δref, ~pref

)
(3.4)

Now we can find the probability that the record of interest leads the reference record

as follows:

P
(
Cint > Cref|~δint, ~pint, ~δref, ~pref

)
=

∑
Cint>Cref

P
(
Cint|~δint, ~pint

)
P
(
Cref|~δref, ~pref

)

Also, the probability distribution of the lead/lag of the record of interest compared

to the reference record is

P
(
Cint − Cref ≤ ∆|~δint, ~pint, ~δref, ~pref

)
=

∑
Cint−Cref≤∆

P
(
Cint|~δint, ~pint

)
P
(
Cref|~δref, ~pref

)

We employ this distribution to obtain the confidence limits.

The left panel of Figure 3.4 shows the histogram of the timing of Termination

I using the MD05-2920 record. This record has two δ18O proxies: C. wuellerstorfi

and U. peregrina. The red and blue histograms correspond to the results from C.

wuellerstorfi and U. peregrina, respectively. We chose the MD05-2920 record based on

U. peregrina as a reference record and computed the histogram of the relative timing

of the MD05-2920 record based on C. wuellerstorfi. The right panel of Figure 3.4

shows the histogram of the relative timing. Because these two records are measured

from the same site, the histograms of the two timings overlap in most intervals and

the histogram of the relative timing is centered on nearly 0.
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Figure 3.4: Left panel: Histograms of Cint and Cref, which are the timings of Termination I for
the record of interest (MD05-2920 based on C. wuellerstorfi) and the reference record (MD05-2920
based on U. peregrina), respectively. Right panel: Histogram of Cint − Cref that is the relative
timing of Termination I for the record of interest (MD05-2920 based on C. wuellerstorfi) based on
the reference record (MD05-2920 based on U. peregrina).

3.3 Results

3.3.1 Relative timing of glacial terminations

For each record, we found the relative timing of the glacial terminations using equa-

tion (3.4) as shown in Figure 3.5. Figure 3.5 shows the median difference of the

Termination I and II between WP and EP. The results of Termination III are omit-

ted as we do not have a sufficient number of records for Termination III. In Figure

3.5, the error bars and the confidence intervals overlap each other because of high

uncertainty of the relative timings, and the filled symbols and the empty symbols

seem to be mixed as well. In the Mann-Whitney U tests, we could not reject the

null hypothesis that two samples come from the same population at the 5% sig-
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Figure 3.5: Relative timings of Terminations I and II. The upper panels display the median
estimates of the relative timings and the lower panels display the 95% confidence intervals of the
distributions of the relative timings. The filled symbols indicate records from the western Pacific
(WP), and the empty symbols represent records from the eastern Pacific (EP). Circles and triangles
indicate records whose SST s were inferred from Mg/Ca and Uk′

37, respectively. The squares with
lines in the upper panel represent the average of median estimates and their standard error.

nificance level. Even when considering only high-resolution records (< 1-kyr), we

cannot conclude that there are differences between WP and EP for Termination I

and Termination II.

The SST records are based on either Mg/Ca or Uk′
37. As shown in Figure 3.5,

the median results from Mg/Ca (circles) and Uk′
37 (triangles) are mixed. Statistical

tests also confirm that there is no statistically significant difference due to the use

of different proxies.
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3.3.2 Decomposing contribution to termination uncertainty

The two main sources of uncertainty on the timing of glacial terminations arise from

the uncertainties of change points and age estimates from δ18O records. To compare

the relative contribution of these two sources on the overall timing for each record,

we employed Shannon entropy which is a measure of uncertainty in information the-

ory. This measure enjoys three advantages: it can be estimated directly for the joint

probability distribution of two or more variables or samples drawn from these dis-

tributions, it directly accounts for the dependence and thus the correlation between

variables, and it is a very well established measure of uncertainty [183, 34].

For a discrete random variable A, the entropy H(A) is defined by

H(A) = −
∑
a

pA(a) log pA(a),

where pA(a) is a probability mass function of a random variable A. The joint entropy

H(A,C) of two random variables A and C is defined with a joint probability mass

function p(a, c) as follows:

H(A,C) = −
∑
a,c

p(a, c) log p(a, c).

Let A and C be the random variable for the age and the location of a change point,

respectively. Then, H(A,C) represents the total uncertainty induced by A and C.

For the timing analysis, the change point locations are determined based on the age

estimates. In the same manner, the total entropy can be decomposed into two parts
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Figure 3.6: Relative contribution of age (blue) and change point (yellow) uncertainties.

as follows.

H(A,C) = −
∑
a,c

p(a, c) log p(a, c)

= −
∑
a,c

p(a, c) log(p(a)p(c|a))

= −
∑
a,c

p(a, c) log p(a)−
∑
a,c

p(a, c) log p(c|a)

= −
∑
a

p(a) log p(a)−
∑
a,c

p(a, c) log p(c|a).

The last equation states that the total entropy is the sum of the entropy of age and

the conditional entropy of location given the age estimates. For each record, the two

sources of uncertainty are evaluated using samples of these variables.

The relative contribution to the total uncertainty is shown in Figure 3.6. The con-

tribution of age estimates ranges from 76% to nearly 100%. The average uncertainty
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across all records originated from ages depending on the terminations. The aver-

age age uncertainties of Termination I, II, and III are 2.8-kyr, 4.5-kyr, and 5.5-kyr,

respectively. We have lower uncertainty for Termination I because the resolutions

of Termination I are relatively higher than Terminations II and III. Inversely, we

have higher uncertainty originated from the change point for Termination I due to

the relative shortness of the Holocene. This shortness makes it difficult to find the

terminations based on the change point algorithm.

3.3.3 Discussion

Because there are high uncertainties originating from proxies and methods, we could

not conclude differences in the glacial termination timings between WP and EP. The

results could be affected by temperature proxy bias or water mass bias as well. In

this section, we focus on discussing further improvements of the inference methods

to reduce the uncertainties originating from the methods.

After finding the change point locations without constraints, we conditioned the

probability distribution by the ranges of terminations, as described in equation (3.3).

Because we have the prior information about the ranges of terminations, we can re-

strict the locations of change points before running the change point algorithm. This

additional information can reduce the uncertainty originating from the change points.

Also, we can consider more sophisticated piecewise linear models with constraints on

slope changes, which reflect a long interval of cooling climate and a relatively short

interval of terminations.

The relative timings were evaluated with the reference record MD05-2920 based

on U. peregrina. To deduce the lead/lag relationships, the reference record was used
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Figure 3.7: New scheme for the inference of the relative termination timings between EP and WP.

in comparison to all other records. Therefore, the uncertainty originating from the

reference record is contained in all lead/lag analyses. To remove this uncertainty,

we can consider the following idea, which directly compares the termination timings

between EP and WP. Let NEP be the number of records from the EP. For each core,

we draw one sample of age and one sample of SST to get the NEP data sets: one for

each of theNEP cores. Next, we can combine the SST samples into one combined data

set. We then run the change point algorithm on this combined data set based on age

estimates of each core. These steps are illustrated as steps one through three in Figure

3.7. By repeating these steps, we get the distribution of absolute termination ages.

We apply the same approach to the WP. By comparing the absolute termination

ages of EP and WP, we can find the probability of lead/lag (relative termination

ages). This scheme enables us to remove the uncertainty originating from the use

of a reference record, and to infer change points based on two very high resolution

records obtained by all the records in the EP and all the records in the WP.
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We investigated the relative timing of glacial terminations between EP and WP

using 15 SST records. Instead of finding the best estimate for each record and com-

paring them across records, we estimated the probability distributions of the timings,

which reflect the uncertainties that originated from age estimates and change point

locations. At this point, we found that difference in EP and WP timings are all

within the range of chance variations. According to the results, the relative tim-

ing uncertainty becomes less than 3-yrs when the average age uncertainty is less

than 2-kyr. Thus, if we have more records with high resolutions and improve the

inference method as suggested, then the ability to find better evidence for lead/lag

relationships in future research will be improved.
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Table 3.1: SST records used for this study.

Name Longitude Latitude
Water
Depth (m)

Period (ka)
Resolution
(kyr)

Age
Confidence
Interval (kyr)

Proxy
Analyzed
Terminations

MD05-2920 [188] 144.5 -2.9 1843 0 - 388 0.7 5.0 Mg/Ca I, II, III
TR163-19 [104, 105] -91.0 2.3 2348 0 - 361 1.7 5.9 Mg/Ca I, II, III
ODP1145 [143] 117.6 19.6 3175 2 - 143 0.5 4.1 Mg/Ca I, II, III
MD06-3067 [16] 126.5 6.5 1575 4 - 158 0.4 1.6 Mg/Ca I, II
TR163-22 [105] -92.4 0.5 4830 1 - 135 0.3 2.1 Mg/Ca I, II
LPAZ-21P [68] -109.5 23.0 624 1 - 236 1.3 8.7 Uk′

37 I
ODP1146 [69] 116.2 19.5 2091 5 - 400 2.0 4.5 Uk′

37 I, II
ODP1143 [25, 108] 113.3 9.4 2272 0 - 403 1.7 9.2 Uk′

37 I, II
ODP846 [103] -90.8 -3.1 3296 4 - 400 2.5 6.3 Uk′

37 I, II, III
ODP1012 [19] -118.4 32.3 1783 2 - 400 1.2 5.1 Uk′

37 I, II
TR163-19 [43] -91.0 2.3 2348 0 - 35 1.7 5.9 Uk′

37 I, III
MJ0005A-27JC [43] -82.8 -1.9 2203 3 - 163 0.8 3.4 Uk′

37 I, II
MD97-2151 [213] 109.9 8.7 1598 1 - 145 0.1 2.1 Uk′

37 I
MD06-3075 [54] 125.9 6.5 1878 0 - 115 0.4 2.5 Uk′

37 I, II
ODP1239 [163] -82.1 -0.7 1414 0 - 500 1.6 6.1 Uk′

37 I



Chapter Four

The flickering switch of Holocene

oceanography along the Peru

margin
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4.1 Background & Summary

High-resolution multidimensional paleoclimate time series, including SST, C37, δ15N

and %N , over the Holocene epoch are collectively analyzed for a sediment core

MW8708-PC2, retrieved from the central Peru margin. The four proxies explains

sea surface temperature (SST ) through the alkenon proxy, biological productivity

(C37) through analyses of the abundance of alkenones (representing haptophyte al-

gal productivity), subsurface properties through δ15N analyses (subsurface oxygena-

tion/denitrification) and the percentage of organic nitrogen (%N), which is a com-

posite of all biological inputs to the sediment. We examine how the coupling of SST

with other proxies has evolved and changed in the Holocene and evaluate whether

we can employ these resulting relations in the prediction of the changes of the four

proxies. In doing so, we also expect to explain climate phenomenon related to the

four proxies.

The four proxies are measured in high-resolution, but their spacings are unevenly

spaced. In order to compose an evenly spaced data set, we apply the Kalman filter to

substitute the missing data. A visual analysis of the proxies suggested that the vari-

ability of four proxies follows two regimes: one state has high variability and another

state has low variability. Thus, we hypothesize that the four proxies have two possi-

ble states and that their relations change over time between these two state, which

we call biphasic. Because of this biphasic property, we employ the hidden Markov

model (HMM) and autoregressive hidden Markov model (AR-HMM) to model their

behavior. The HMM assumes conditional independence among observations, while

the AR-HMM assumes that direct dependence with adjacent observations exists.

This implies that the AR-HMM includes the immediate previous values of the four

proxies in the model to explain the current values of the four proxies. The two mod-
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els use different structures to explain the four proxies, and each structure explains

their correlation and causality relations in different ways. Therefore, analyzing the

four proxies using both models enables us to better evaluate their correlations and

causality relations.

Our results show that there exist two regimes of variability in proxy space at site

MW8708-PC2. Both regimes show high autocorrelation and low cross-correlation,

thereby indicating that none of the proxies are good predictors of other proxies.

Thus, we examine the correlation of SST with a possible remote driver, the Pacific

Decadal Oscillation (PDO) in the discussion section.

In the following sections we describe the two probabilistic models, HMM and AR-

HMM, and compare the two models using the simulated data. We also introduce the

Kalman filter and its application for data augmentation. Results and discussion on

estimated model parameters using the four paleoclimate proxies follow afterward.1

4.2 Method

4.2.1 Data collection

High-resolution records of four paleoclimate indicators are collectively analyzed for

a sediment core retrieved from the central Peru margin (Site MW8708-PC2: 15.1◦S,

75.7◦, water depth of 250m). This site has an extremely high and uniform sedimen-

tation rate (70cm/kyr) across most of the Holocene (∼10 - 1.4 ka), and frequently

1The work in this chapter is in collaboration with my advisor Dr. Charles E. Lawrence of
Brown University, Dr. Timothy Herbert of Brown University, and Dr. Baylor Fox-Kemper of Brown
University. This chapter includes materials from the draft of the preliminary paper associated with
this work.
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contains annual laminations. Records are obtained from 2cm (3 years) slices taken

every 5cm (7 years). However, there are missing observations for all four proxies:

46% of data is missing for SST and C37, and 65% of for δ15N and %N .

Figure 4.1: Location of the site MW8708-PC2 (15.1◦S, 75.7◦, water depth of 250m).

4.2.2 Probability models: HMM and AR-HMM

Statistical approaches are designed to capture phase transitions in climate records

because visual analysis suggests that the correlations and variability of the four

proxies varied over time in a potentially abrupt manner. We assume that there are

two distinct states at this site, characterized by different levels of variability and

predictability, and so employ two-state hidden Markov models (HMM). We consider

two different emission models in the HMM: The first model assumes conditional

independence among observations, and the second model considers direct dependence

with adjacent observations. The first one is consistent with a general HMM, and the

second one is called the autoregressive hidden Markov model, which is also known

as a switching autoregressive model.

Both models consist of observed data X(t) and two kinds of hidden states S(t).

Figure 4.2 illustrates dependencies among hidden states and observed data of the two
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(a) HMM

 

 

(b) AR-HMM

Figure 4.2: Dependencies among observations X(t) and hidden states S(t) for (a) HMM and (b)
AR-HMM. Nodes are connected with an arrow if one node at the head of an arrow depends on
another node at the origin of an arrow.

models. State dependencies are the same in both models. Both models have hidden

states which demonstrate the Markov property while the difference between the two

models is the relationship of the observations. In the HMM, a current observation is

solely dependent on a current state. The HMM assumes that a current observation

follows the normal distribution with means and variances determined by its state.

Thus, a current observation is independent of the other observations given its state.

In the AR-HMM, a current observation depends not only on a current state, but also

on the previous observation. This model takes the summation of a constant and the

contribution of the previous observations as a mean of the normal distribution.

These two models can be expressed with two layers of structure: observationsX(t)

and hidden states S(t). LetX(t) be a four-dimensional vector,X(t) = (x1(t), x2(t), x3(t), x4(t)),

which includes SST, C37, δ15N , and %N for 0 ≤ t ≤ 563, with t = 563 being the

most recent point. For the following analysis, the time interval ∆t is set to be 0.5,

which corresponds to approximately 7 years. The proxy data at each data point,

X(t), is an average over approximates 3 years. Let S(t) be a state at t. We assume

that S(t) can be either 1 (high variability) or 2 (low variability).

Consider a two-state hidden Markov model (HMM). The HMM assumes that
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X(t) follows the normal distribution with mean vector µS(t) and variance ΣS(t) de-

termined by its state and that X(t) is independent of X(t∗) for all other t∗ given its

state.

X(t) ∼ N (µS(t),ΣS(t)) for S(t) = 1 or 2. (4.1)

The changes of state depend on a transition probability,

a =

 a11 a12

a21 a22


where aij = P (s(t+ 1) = j | S(t) = i). The unknown parameters, µ1, µ2,Σ1,Σ2 and

a, can be estimated from the data using the Baum-Welch expectation maximization

algorithm.

Consider a two-state autoregressive hidden Markov model (AR-HMM) [59, 60].

As in the two-state HMM, this model also assumes that X(t) belongs either to state

1 or to state 2, and the state shifts from one to another depending on a transition

probability, a. While the distribution of X(t) is solely determined by its state at

t in the HMM, the AR-HMM allows X(t) to linearly depend on its immediately

preceding value:

X(t) = cS(t) + θS(t)X(t−∆t) + Σ
1/2
S(t)ε(t) (4.2)

where cS(t) is a constant vector, θS(t) is a matrix of autocorrelation parameters, and

ΣS(t) is a matrix of amplitudes of an error terms, ε(t). {ε(t)} is a series of random

variables with E[ε(t)] = 0, V ar(ε(t)) = 1, and cov(ε(p), ε(q)) = 0 for every p 6= q.
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We can rewrite the above equation as:



x1(t)

x2(t)

x3(t)

x4(t)


=



c1

c2

c3

c4


+



θ11 θ12 θ13 θ14

θ21 θ22 θ23 θ24

θ31 θ32 θ33 θ34

θ41 θ42 θ43 θ44





x1(t−∆t)

x2(t−∆t)

x3(t−∆t)

x4(t−∆t)



+



σ11 σ12 σ13 σ14

σ21 σ22 σ23 σ24

σ31 σ32 σ33 σ34

σ41 σ42 σ43 σ44





ε1(t)

ε2(t)

ε3(t)

ε4(t)


.

Taking a close look at the autocorrelation parameter θ, the diagonal entry θii indicates

how much xi(t) depends on its own past xi(t − ∆t). If θii is close to 1, then it implies

that the current value is heavily dependent on its immediate past. The off-diagonal entry

θij for i 6= j explains the relation between the current xi(t) and the preceding xj(t−∆t).

Since an AR model finds the relations among entries of X(t) through the parameter θ, the

normalized data is recommended for an analysis, as shown in Figure 4.4. As in a two-state

HMM, the unknown parameters of a two-state AR-HMM, c1, c2, θ1, θ2,Σ1,Σ2 and a are

determined by the Baum-Welch expectation maximization algorithm.

The observations in the HMM are conditionally independent given their states (equa-

tion (4.1)) while the AR-HMM has direct dependence between adjacent observations (equa-

tion (4.2)). This difference adds the immediate previous term X(t − ∆t) in the emission

model as shown in equation (4.2). In other words, the HMM is a special case of the AR-

HMM with the autocorrelation term θ to be zero.
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Figure 4.3: Observed data for 0 ≤ t ≤ 563, with t = 563 being the most recent point.
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Figure 4.4: Normalized observed data for 0 ≤ t ≤ 563, with t = 563 being the most recent point.
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4.2.3 Comparisons between HMM and AR-HMM with sim-

ulated data sets

Model comparisons were done with two simulated data sets to decide which model is more

suitable for this study. Two data sets were simulated based on HMM and AR-HMM with

parameters described in Tables 4.1 and 4.2. Theses parameters were obtained from the

analysis of preliminary data sets. We assumed that the sequence of state begins at state

1 and the first observation is X(0) = [0.3380,−1.4559,−0.3002,−0.2954], and generated

a 600 long sequence for each model. Figures 4.5 and 4.6 show the simulated data sets

based on HMM and AR-HMM, respectively. For each data set, we used both HMM and

AR-HMM to estimate parameters and hidden states, and then evaluated their accuracies.

In the first experiment, we explain the four proxies generated based the HMM (Tables

4.1) by using either the HMM or the AR-HMM. The results of the parameter estimations

by the HMM and AR-HMM, based on the simulated data set with HMM, are shown in

Tables 4.3 and 4.4. The parameter estimates by the HMM are accurate for both mean

and covariance terms. While the data was generated using the HMM, the parameters of

AR-HMM also properly describe the data by a nearly zero autocorrelation parameter θ.

Both models find the hidden states accurately (Figure 4.7). For each model, we repeated

state estimations with 10 different initial conditions. The average accuracies of the HMM

and AR-HMM are 98.86% and 98.92%, respectively. Notice that the AR-HMM accurately

finds parameters and hidden states when the data set was simulated with the HMM, while

this is not surprising since the HMM is a special case of the AR-HMM. It does illustrate

that there is sufficient data to accurately model HMM data with the AR-HMM in spite of

the added degrees of freedom.

In the second experiment, we explain the four proxies generated based the AR-HMM

(Tables 4.2) by using either the HMM or the AR-HMM. Tables 4.5 and 4.6 show the results

of the parameter estimations by the HMM and AR-HMM based on the simulated data set



79

with AR-HMM. The estimation of hidden states are shown in Figure 4.8. The AR-HMM

finds the parameters accurately, but the HMM does not represent the data well with its

mean and covariance. The average accuracies of the HMM and AR-HMM to find hidden

states are 74.76%, 99.48%, respectively. This shows that the HMM does not model these

data very well.

Through the analysis of model comparison, the AR-HMM has been proven to be su-

perior to the HMM. When it is uncertain which model to use when deciding between the

HMM and AR-HMM for the data set, we should first employ the AR-HMM and double-

check the auto-correlation term to make a final determination which model is best to use.

If the autocorrelation parameter θ is close to 0, then we can effectively employ the HMM.

However, in this study, the characteristics of the data itself supports the AR-HMM. The

records of the four-dimensional climate proxies are multidimensional time series. The sam-

pling rate employed in this study is fast compared to the rate of changes in the underlying

system, thus we observe auto-correlation in this circumstance. The correlation analysis

of multidimensional records without considering auto-correlations can produce incorrect

conclusions, so we should use the AR-HMM. However, in order to make comparisons, we

continue to employ both models in this study.
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Table 4.1: Parameters for the data simulation of HMM.

Mean Covariance

State 1

SST
C37

δ15N
%N


0.0006
−0.1856

0.9220
−0.5832




1.3866 −0.5702 0.2717 −0.4291
−0.5702 1.3575 −0.2683 0.6509

0.2717 −0.2683 0.5450 −0.2348
−0.4291 0.6509 −0.2348 0.7913



State 2

SST
C37

δ15N
%N


−0.0004

0.1239
−0.6157

0.3894




0.7391 0.0040 −0.0052 0.2440
0.0040 0.7202 0.0158 −0.0813
−0.0052 0.0158 0.3544 0.0937

0.2440 −0.0813 0.0937 0.7578


Transition matrix

[
0.9494 0.0506
0.0332 0.9668

]

Table 4.2: Parameters for the data simulation of AR-HMM.

Constant Autocorrelation Covariance

State 1

SST
C37

δ15N
%N


−0.0219
−0.0321

0.0411
−0.0241




0.8214 0.0034 0.0086 −0.0050
−0.0980 0.7649 0.0255 0.0580

0.0231 −0.0302 0.9421 −0.0008
−0.0200 0.0529 −0.0022 0.9049




0.2416 0 0 0
0 0.2719 0 0
0 0 0.0875 0
0 0 0 0.0788



State 2

SST
C37

δ15N
%N


0.0124
0.0047
−0.0330

0.0231




0.9212 −0.0104 0.0006 0.0105
0.0329 0.9026 −0.0256 0.0183
0.0057 0.0144 0.9593 −0.0147
0.0013 0.0022 0.0049 0.9999




0.0574 0 0 0
0 0.0590 0 0
0 0 0.0117 0
0 0 0 0.0130


Transition matrix

[
0.9892 0.0108
0.0083 0.9917

]
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Figure 4.5: Simulated data from HMM with parameters as described in Table 4.1.



82

0 100 200 300 400 500 600

S
ta

te

1

2

0 100 200 300 400 500 600

S
S

T

-4

-2

0

2

4

0 100 200 300 400 500 600

C
3
7

-4

-2

0

2

4

0 100 200 300 400 500 600

δ
1
5
N

-4

-2

0

2

4

Time step
0 100 200 300 400 500 600

%
N

-4

-2

0

2

4

Figure 4.6: Simulated data from AR-HMM with parameters as described in Table 4.2.
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Figure 4.7: HMM based simulated data. The estimated states are displayed when estimation is
done using (a) the HMM and (b) the AR-HMM. 598/600 points and 599/600 of the most probable
state are matched with the original state for the HMM and AR-HMM, respectively.
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Figure 4.8: AR-HMM based simulated data. The estimated states are displayed when estimation
is done using (a) the HMM and (b) the AR-HMM. 474/600 points and 598/600 of the most probable
state are matched with the original state for the HMM and AR-HMM, respectively.
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Table 4.3: [HMM]Parameter estimation by the HMM using the HMM based simulated data.

Mean Covariance

State 1

SST
C37

δ15N
%N


−0.1071
−0.1891

0.9355
−0.5881




1.4001 −0.6020 0.2190 −0.5297
−0.6020 1.3637 −0.2565 0.7033

0.2190 −0.2565 0.4922 −0.2675
−0.5297 0.7033 −0.2675 0.9280



State 2

SST
C37

δ15N
%N


0.0006
0.1678
−0.6375

0.3214




0.7565 0.0338 −0.0239 0.2045
0.0338 0.6518 0.0173 −0.0384
−0.0239 0.0173 0.3719 0.0993

0.2045 −0.0384 0.0993 0.7166


Transition matrix

[
0.9779 0.0221
0.0388 0.9612

]

Table 4.4: [AR-HMM] Parameter estimation by the AR-HMM using the HMM based simulated data.

Constant Autocorrelation Covariance

State 1

SST
C37

δ15N
%N


−0.0364
0.1233
−0.5538
0.4411



−0.0498 0.0856 −0.0780 −0.0742
−0.0755 −0.0121 −0.0875 −0.0203
0.0472 −0.0293 0.0826 −0.0947
0.0812 −0.0339 0.1391 −0.1046




0.7406 0.0257 −0.0241 0.2078
0.0257 0.6435 0.0189 −0.0312
−0.0241 0.0189 0.3650 0.0883
0.2078 −0.0312 0.0883 0.7009



State 2

SST
C37

δ15N
%N


−0.0521
−0.1877
0.9903
−0.6495




0.0480 −0.0108 −0.0587 0.0028
−0.0135 −0.0280 0.0354 0.0616
0.0001 −0.0387 −0.0443 0.0326
−0.0529 0.0013 0.0659 0.0056




1.3994 −0.6006 0.2193 −0.5268
−0.6006 1.3610 −0.2623 0.7040
0.2193 −0.2623 0.4870 −0.2650
−0.5268 0.7040 −0.2650 0.9240


Transition matrix

[
0.9613 0.0387
0.0222 0.9778

]
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Table 4.5: [HMM] Parameter estimation by the HMM using the AR-HMM based simulated data.

Mean Covariance

State 1

SST
C37

δ15N
%N


−0.0401
−0.0633

0.4153
−0.2258




0.6312 −0.0923 0.1395 −0.0663
−0.0923 0.6347 −0.0404 0.0999

0.1395 −0.0404 1.2523 −0.2640
−0.0663 0.0999 −0.2640 0.2660



State 2

SST
C37

δ15N
%N


−0.0279

0.1537
−0.2832

1.6508




0.7063 0.2663 −0.1960 0.4772
0.2663 0.5820 −0.1503 0.3590
−0.1960 −0.1503 0.2330 −0.3651

0.4772 0.3590 −0.3651 0.9037


Transition matrix

[
0.9902 0.0098
0.0214 0.9786

]

Table 4.6: [AR-HMM] Parameter estimation by the AR-HMM using the AR-HMM based simulated data.

Constant Autocorrelation Covariance

State 1

SST
C37

δ15N
%N


−0.0298
−0.0301

0.0466
−0.0224




0.8055 −0.0141 0.0348 0.0104
−0.1491 0.7171 0.0525 0.0055

0.0119 −0.0604 0.9488 −0.0132
0.0076 0.0627 −0.0137 0.8768




0.2354 0.0004 −0.0132 0.0046
0.0004 0.2714 −0.0133 0.0070
−0.0132 −0.0133 0.0959 −0.0046

0.0046 0.0070 −0.0046 0.0678



State 2

SST
C37

δ15N
%N


−0.0210
−0.0233
−0.0203

0.0330




0.9423 −0.0301 −0.0541 0.0187
0.0862 0.8492 −0.0354 0.0382
−0.0065 0.0132 0.9520 −0.0142
−0.0023 0.0252 0.0238 0.9999




0.0537 0.0052 0.0001 −0.0005
0.0052 0.0591 0.0006 −0.0016
0.0001 0.0006 0.0108 0.0005
−0.0005 −0.0016 0.0005 0.0148


Transition matrix

[
0.9903 0.0097
0.0139 0.9861

]
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4.2.4 Irregularly spaced measured proxies

While the observed data points from the central Peru margin are not evenly spaced (Figure

4.3), there are only four difference intervals: ∆t, 2∆t, 3∆t, and 4∆t. We can treat the

observed data as a regularly spaced data set with missing observations, and fill in the

missing values with their expected values. Another way to address this problem is to include

the size of spacing ∆t as a variable in modeling [49, 176, 129]. However, this method is not

suitable in this study because the spacing patterns are different among the four climate

proxies; for example, parts of (x1(t), x2(t), x3(t), x4(t)) are observed and parts are missing

at time t. Thus, we decided to fill in the missing values with their expected values using

the Kalman filter and Kalman smoother. Because the parameters of the Kalman filter and

Kalman smoother are updated after running each iteration of the EM algorithm, we add

the data augmentation step at the beginning of every iteration.

The simplest method to fill in the missing value is an interpolation. While the esti-

mations using interpolations use only the adjacent data points near a missing point, the

Kalman filter and Kalman smoother find the expected values using information of all mea-

sured data and the underlying model. Here, we briefly describe the Kalman filter following

the descriptions and notations in [184]. See [184, 212] for further details of the Kalman

filter.

4.2.4.1 Kalman filter for data augmentation

The Kalman filter is a useful tool to express the state-space model or the dynamic linear

model. This method was first introduced in [91, 92] to model aerospace-related problems,

and has since been applied to various fields including economics [64, 201], medicine [109, 27],

and climate analysis [4, 62]. In this study, we employ the AR-HMM in modeling two hidden

states and use the Kalman filter for data augmentation. This structure was first introduced
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in [201] for use in the field of economics as a mixed-frequency vector autoregression (VAR)

with Markov regime switching in the parameters, which is the extension of the Markov

switching VAR [60, 61]. The method in [201] was designed to simultaneously model multiple

proxies with different frequencies in a vector form, and is thus called a mixed-frequency

VAR. The difference between the method in [201] and the method used in this study is

that we are using the EM algorithm instead of the Bayesian Markov chain Monte Carlo

(MCMC) algorithm used in [201].

The state-space model can be described with the state equation and the observation

equation. The state equation describes the target of modeling by a first order autoregres-

sion:

State equation: xt = Φxt−1 + wt (4.3)

where xt is a p × 1 vector representing a state at time t, Φ is a p × p matrix describing

state changes, and wt represents a p× 1 vector describing a model error. We assumed that

the linear model starts with an initial vector x0 which follows a normal distribution with

mean µ0 and a covariance matrix Σ0. In most studies, it is almost impossible to directly

observe xt without noise. Instead, we observe a linear transformed version, yt, with noise

added. This can be written of the form

Observation equation: yt = Axt + vt, (4.4)

where A is a q × p observation matrix and vt represents a q × 1 vector describing a

measurement error. We assume that {wt} and {vt} follow a zero mean multivariate normal

distribution with a covariance matrix Q and R, respectively.
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Here is a glossary of all symbols used for the state-space model:

xt : state vector

yt : observation vector

Φ : state matrix

A : observation matrix

wt and Q : model error and the corresponding covariance matrix

vt and R : observation error and the corresponding covariance matrix

x0 : initial state vector ∼ N (µ0,Σ0)

In this study, xt refers to a full data set without missing parts and yt indicates data

with missing parts. The size of xt and yt (p and q) does not need to be the same in general,

but in this study, p and q are set to be four as we have four proxies. The state equation

(4.3) corresponds to the autoregressive emission model (4.2):

(4.2) X(t) = cS(t) + θS(t)X(t−∆t) + Σ
1/2
S(t)ε(t)

(4.3) xt = Φxt−1 + wt

The missing observations can be described using the observation equation (4.4) as described

in [184, 201].

(4.4) yt = Axt + vt

When we have a full observation at time t, we assume A to be an identity matrix and R (the

covariance matrix of vt) to be 0. On the other hand, if we do not have any observations at

time t, we set A to be 0 and R to be an identity matrix. These two terms change depending

on the pattern of missing parts. For example, if the second term of yt is missing, then we
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assume A and R as follows:

A =



1 0 0 0

0 0 0 0

0 0 1 0

0 0 0 1


, R =



0 0 0 0

0 1 0 0

0 0 0 0

0 0 0 0


In this way, yt takes the exact measured values when we have observed data and it takes

values describing noise when we do not have observed data.

Based on the state-space model structure, the Kalman filter and Kalman smoother find

the expected values of xt given all observations. Let Ys represent the set of observations

up to time s, xst refer to the expected values of xt given the observations up to time s, and

P st represent the conditional error covariance. That is,

Ys := {y1, . . . ,ys},

xst := E(xt|Ys),

P st := E[(xt − xst )(xt − xst )|Ys].

The Kalman filter finds the expected values of xt given the observations up to time t,

xtt, which minimizes the conditional error covariance P tt . The Kalman smoother finds the

expected values of xt given all observations, xnt .

The Kalman filter and Kalman smoother find the expected value of xt recursively. The

Kalman filter starts with initial conditions, x0
0 = µ0 and P 0

0 = Σ0, and recursively finds xtt

as follows:

For t = 1 : n

xt−1
t = Φxt−1

t−1,

P t−1
t = ΦP t−1

t−1 Φ′ +Q,

(4.5)
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with

Kt = P t−1
t A′t[AtP

t−1
t A′t +R]−1,

xtt = xt−1
t +Kt(yt −Atxt−1

t ),

P tt = [I −KtAt]P
t−1
t ,

After finding xtt up to the end of the data, we employ the Kalman smoother to find xnt

starting from t = n to t = 1.

For t = n : −1 : 1

xnt−1 = xt−1
t−1 + Jt−1(xnt − xt−1

t ),

Pnt−1 = P t−1
t−1 + Jt−1(Pnt − P t−1

t )J ′t−1,

(4.6)

with

Jt−1 = P t−1
t−1 Φ′[P t−1

t ]−1.

Through the Kalman filter (4.5) and the Kalman smoother (4.6), we find the expected

values of the missing observations given measured data and the assumed autoregressive

model (4.2). These data augmentation processes are added before each iteration of the

EM algorithm. Therefore, we iteratively estimate the unknown parameters and the most

probable states based on data filled in by the Kalman filter and the Kalman smoother.

4.3 Results

4.3.1 Parameter estimation

The parameter estimations are done using the EM algorithm for both HMM and AR-

HMM. As described in Section 2.2.3, the EM algorithm updates parameters iteratively

using the forward and backward sampling algorithm. The data augmentation step is added

at the beginning of each iteration because of the updated parameters. Depending on initial
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conditions of the EM algorithm, it is possible that the EM algorithm converges to local

maximum estimators instead of global maximum estimators. To avoid local maximums,

we repeat parameter estimations with 100 different initial conditions and determine the

parameters with the one that achieves maximum likelihood.

4.3.1.1 Results based on HMM

For a two-state HMM, there are five unknown parameters which have 44 degrees of freedom

in total: µ1, µ2,Σ1,Σ2 and a. Table 4.7 shows the results of the parameter estimations. The

distinctive difference between two states is the size of covariance. The absolute values of

Σ1 are larger than that of Σ2. X(t) fluctuates more when X(t) is in state 1 than in state

2. In terms of transition probability, a11 and a22 are close to 1, which implies that there is

a high probability of staying in a state.

According to the parameter estimations, the most probable state is determined for

every t using the backward samplings. Figure 4.9 shows the most probable states with

data X(t): Four plots show the results of SST, C37, δ15N and %N from top to bottom

with the black dots indicating the most probable states. For the black dots between state

1 and 2, the closer to state 1, the higher the probability of them being in state 1, and

the same applies for state 2. The blue circles represent observed data X(t) while the red

lines represent the augmented data X(t), whose missing parts are filled by their expected

values. For the comparison with the AR-HMM, the correlations of the four proxies in

HMM are estimated as in Tables 4.8 and 4.12. We obtain correlation matrices using the

data set in which the missing parts have been augmented by their expected value. The

signs of correlations are usually the same between the two states, but the strength of the

correlations varies.
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4.3.1.2 Results based on AR-HMM

There are seven unknown parameters, which have 76 degrees of freedom in total, in a two-

state AR-HMM: c1, c2, θ1, θ2,Σ1,Σ2 and a. The estimated parameters are shown in Table

4.9. The diagonal entries of θ2 are close to 1: each variable of X(t) in state 2 strongly

depends on its own immediate past. The diagonal entries of θ1 are smaller than that of

θ2 while the off-diagonal entries of θ1 are larger than that of θ2: more interactions exist

among the four variables in state 1 than state 2. Table 4.13 depicts the relation among the

four variables for each state according to the autocorrelation parameter θ. For example,

the current SST in state 1 is modeled to be the sum of an error with the previous values

(0.9083 · SST,−0.0094 ·C37, 0.0004 · δ15N, and −0.0082 ·%N). The correlations of the four

proxies are shown in Table 4.11.

The amplitude of an error term Σ of state 1 is larger than that of state 2: state 1 is a

high-variability state and state 2 is a low-variability state. Also, the variance of observed

data X(t) being in state 1 is larger than that of state 2 and the means in the two states

are somewhat different, as shown in Table 4.10. X(t) fluctuates more when being in state

1 than in state 2. This indicates that extremes of the three year average of these proxies

occur more commonly in state 1.

In terms of transition probability, a11 and a22 are around 0.8, which are smaller than

that of the HMM. Thus, there are more frequent state changes than shown by the HMM

as in Figure 4.10. While the filled portion for missing data highly fluctuates in the HMM,

the missing data is filled in by similar values to its adjacent points in the AR-HMM.
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Table 4.7: [HMM] Parameter estimation by the HMM.

State 1 State 2

Mean
SST C37 δ15N %N

[ 0.5044 −0.1731 0.7302 0.0602 ]
SST C37 δ15N %N

[ −0.4007 0.1769 −0.5051 −0.0728 ]

Covariance


0.9962 −0.2371 −0.0818 −0.1988
−0.2371 1.4041 −0.3311 0.7157
−0.0818 −0.3311 0.4766 −0.4672
−0.1988 0.7157 −0.4672 1.0716




0.5076 −0.0479 −0.2130 0.1769
−0.0479 0.5212 −0.0875 0.2075
−0.2130 −0.0875 0.3323 −0.1307

0.1769 0.2075 −0.1307 0.3702


Transition Probability

[
0.9555 0.0445
0.0341 0.9659

]

Table 4.8: [HMM] Correlation matrix of SST, C37, δ15N , and %N for each state. The correlation matrices are obtained from the data set augmented
by their expected values.

State 1 State 2
1.0000 −0.2151 −0.0793 −0.1957
−0.2151 1.0000 −0.4136 0.5516
−0.0793 −0.4136 1.0000 −0.6738
−0.1957 0.5516 −0.6738 1.0000




1.0000 −0.1491 −0.4888 0.4157
−0.1491 1.0000 −0.1757 0.4393
−0.4888 −0.1757 1.0000 −0.3795

0.4157 0.4393 −0.3795 1.0000


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Figure 4.9: [HMM] State assignments by the HMM and data X(t) whose missing parts are filled by an expected value: SST, C37, δ15N and %N
from top to bottom. Blue circles represent observed values and red lines represent expected values of missing observations. Black dots describe the
most probable states.
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Table 4.9: [AR-HMM] Parameter estimation by the AR-HMM.

State 1 State 2

c
SST C37 δ15N %N

[ 0.0211 −0.0001 0.0557 −0.0067 ]
SST C37 δ15N %N

[ −0.0185 −0.0012 −0.0358 0.0124 ]

θ


0.9083 −0.0094 0.0004 −0.0082
−0.0617 0.8596 −0.0031 0.0211

0.0446 −0.0242 0.9424 −0.0291
−0.0619 0.0232 −0.0405 0.9166




0.9621 0.0016 −0.0074 0.0110
0.0329 0.9838 0.0333 0.0029
−0.0163 0.0117 0.9400 0.0086

0.0226 −0.0154 0.0401 0.9785



|Σ|1/2


0.4645 0.1583 0.0892 0.1901
0.1583 0.4930 0.2631 0.2482
0.0892 0.2631 0.4055 0.1993
0.1901 0.2482 0.1993 0.4545




0.1824 0.0609 0.1026 0.0351
0.0609 0.1827 0.0472 0.0731
0.1026 0.0472 0.0795 0.0356
0.0351 0.0731 0.0356 0.0791



Σ


0.2157 −0.0250 −0.0080 0.0361
−0.0250 0.2430 −0.0692 0.0616
−0.0080 −0.0692 0.1644 −0.0397

0.0361 0.0616 −0.0397 0.2066




0.0333 −0.0037 0.0105 −0.0012
−0.0037 0.0334 0.0022 0.0053

0.0105 0.0022 0.0063 −0.0013
−0.0012 0.0053 −0.0013 0.0063



Transition Probability

[
0.8077 0.1923
0.1720 0.8280

]
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Table 4.10: [AR-HMM] Mean and Variance for each state. The means and variances are obtained from the data set augmented by the Kalman filter.

SST C37 δ15N %N

Mean
State 1 0.0095 -0.0692 0.2097 -0.0274
State 2 0.0113 0.0499 0.1014 -0.0719

Variance
State 1 1.0422 1.0609 1.0663 1.3010
State 2 0.8716 0.7708 0.8401 0.7703

Table 4.11: [AR-HMM] Correlation matrix of SST, C37, δ15N , and %N for each state. The correlation matrices are obtained from the data set
augmented by the Kalman filter.

State 1 State 2
1.0000 −0.2139 0.1081 −0.0145
−0.2139 1.0000 −0.3406 0.4048
0.1081 −0.3406 1.0000 −0.4365
−0.0145 0.4048 −0.4365 1.0000




1.0000 −0.2555 0.2065 −0.0175
−0.2555 1.0000 −0.2853 0.3684
0.2065 −0.2853 1.0000 −0.3714
−0.0175 0.3684 −0.3714 1.0000


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Figure 4.10: [AR-HMM] State assignments by the AR-HMM and data X(t) whose missing parts are filled by the Kalman filter: SST, C37, δ15N and
%N from top to bottom. Blue circles represent observed values and red lines represent expected values of missing observations. Black dots describe
the most probable states.
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4.3.2 Predictability of future events

We are interested in evaluating the predictability of the four proxies (SST, C37, δ15N and

%N) based on the AR-HMM. While we can assess predictability using the parameters

estimated in the previous section, this assessment is not ideal because it uses all of the

data to estimate the parameters including a predicted point and those that came later. A

better alternative is to use only the data that precedes points we seek to predict. We did

this in two ways: Predict new parameters using the data sequence preceding the points we

predict, and sample values using these parameters.

Predictability of the AR-HMM is evaluated over two time windows: 236-266 and 535-

563. When evaluating predictability, all of the four variables at the starting point and at

the end point are required as initial conditions and exact values, respectively. The interval

236-266 is chosen because the resolution of the interval 236-266 is relatively higher than

other intervals. Taking 266 as an end point, the predictability of one-step to thirty-step

is assessed. The interval 535-563 includes the most recent data. Nitrogen data (δ15N and

%N) is available every 4 steps (an average of 28 years apart) for this recent data range, so

the predictability of four-step to twenty eight-step is evaluated. Each prediction is repeated

1000 times.

Depending on the most probable state of an initial point, the entries of the next step

are computed with the emission model (4.2) with parameters estimated in the previous

section. The state of the next step is determined by the transition probability, and then

the entries of the following step are computed with the equation (4.2) in the same way.

State determination and entry computations are repeated until reaching the end point.

The accuracy of predictability based on the AR-HMM is examined using mean squared

errors (MSE). Figures 4.11-4.19 and Figures 4.20-4.26 show the prediction plots for the

interval 236-266 and 535-563, respectively. The first row represents the states: the red dots



100

Table 4.12: [HMM] Visual description of the correlation matrix (Table 4.8) for each state obtained
based on HMM.

SST C37

δ15N%N

1.0000

-0.2151

-0.0793

-0.1957

-0.2151

1.0000

-0.4136

0.5516

-0.0793
-0.4136

1.0000

-0.6738

-0.1957

0.5516

-0.6738

1.0000

SST C37

δ15N%N

1.0000

-0.1491

-0.4888

0.4157

-0.1491

1.0000

-0.1757

0.4393

-0.4888
-0.1757

1.0000

-0.3795

0.4157

0.4393

-0.3795

1.0000

State 1 State 2

Table 4.13: [AR-HMM] Visual description of the autocorrelation parameter θ of the AR-HMM
(Table 4.9).

SST C37

δ15N%N

0.9083

-0.0617

0.0446

-0.0619

-0.0094

0.8596

-0.0242

0.0232

0.0004
-0.0031

0.9424

-0.0405

-0.0082

0.0211

-0.0291

0.9166

SST C37

δ15N%N

0.9621

0.0329

-0.0163

0.0226

0.0016

0.9838

0.0117

-0.0154

-0.0074
0.0333

0.9400

0.0401

0.0110

0.0029

0.0086

0.9785

State 1 State 2
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are the most probable states and the gray dots indicate the average state over 1000 runs.

The second to the fifth rows represent the observations and predictions of SST, C37, δ15N

and %N : the red dots are observation data. The red dotted lines indicate the range of

the observation data and the red solid lines show the 0.05 quantile to 0.95 quantile of the

observed data. The gray lines indicate the 1000-run predictions. The black error bar at

each prediction shows the 0.05 quantile to 0.95 quantile of 1000-runs. Predictions up to

four-step, which corresponds to approximately three decades, achieve reduction of the MSE

by 40-80%, depending on the proxy. The results do not show a tight range of prediction

when the length of prediction is longer than four-step. However, it remains significant that

the probability of being in a given state for the future steps can be predicted from the

transition probability.

The predictability depending on the state of a starting point is examined by comparing

the predictions up to 266 and 563. Tables 4.14-4.17 show mean squared errors (MSE) of the

prediction up to 266 and 563. The numbers in parenthesis indicate the percentage of MSE

by taking the MSE of the longest prediction as 100. The amount of MSE heavily depends

on the most probable state of a starting point. Consider the four-step predictions of 262 to

266 and 559 to 563. The overall MSEs of the prediction 262 to 266 are higher than that of

the prediction 559 to 563. This is because the most probable state at 262 is state 1, which

is a high-variability state, while that of 559 is state 2, which is a low-variability state.

In order to compare the HMM with the AR-HMM, we assessed the predictability of

the HMM is assessed in the same manner as the that of AR-HMM. Tables 4.18-4.21 show

the results of HMM. While the MSEs increase as the length of prediction increases in

AR-HMM, the MSEs of HMM keep the same size regardless of the length of prediction.

The 4-step prediction plots based on HMM (Figures 4.27 and 4.28) show that the size of

error bars does not change depending on the length of prediction. This outcome is from

the fact that prediction is solely determined by its predicted states when using the HMM

and indicates that the HMM is not proper for the predictions.
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Table 4.14: [AR-HMM] MSE of the prediction up to 266. (The numbers in parenthesis represent the percentage over the longest prediction.)

Length of Prediction 1 2 3 4 5 10 16 20 30

SST
0.0541 0.1545 0.1013 0.1323 0.2949 0.1328 0.2848 0.2267 0.2390
(22.66) (64.64) (42.38) (55.34) (123.42) (55.55) (119.17) (94.84) (100)

C37
6.9571 12.3363 14.4638 18.5064 20.9084 58.0843 28.7893 95.2723 94.6705
(7.35) (13.03) (15.28) (19.55) (22.09) (61.35) (30.41) (100.64) (100)

δ15N
0.1540 0.3695 0.4412 0.6155 0.2937 1.0272 0.6053 1.2117 1.0513
(14.65) (35.15) (41.97) (58.55) (27.94) (97.70) (57.57) (115.25) (100)

%N
0.0012 0.0021 0.0044 0.0110 0.0050 0.0154 0.0048 0.0206 0.0207
(5.97) (10.20) (21.11) (53.41) (24.36) (74.31) (23.34) (99.50) (100)

Table 4.15: [AR-HMM] Squared bias, variance and MSE of the prediction up to 266.

Length of Prediction 1 2 3 4 5 10 16 20 30

SST
Bias2 0.0305 0.1005 0.0459 0.0919 0.2360 0.0441 0.1698 0.0958 0.1004

Variance 0.0237 0.0540 0.0554 0.0404 0.0589 0.0887 0.1150 0.1308 0.1386
MSE 0.0541 0.1545 0.1013 0.1323 0.2949 0.1328 0.2848 0.2267 0.2390

C37

Bias2 2.0373 2.6533 0.0302 3.2239 4.9811 38.4687 0.9536 71.5074 68.0915
Variance 4.9198 9.6830 14.4336 15.2824 15.9273 19.6156 27.8357 23.7648 26.5790

MSE 6.9571 12.3363 14.4638 18.5064 20.9084 58.0843 28.7893 95.2723 94.6705

δ15N
Bias2 0.0691 0.1700 0.1266 0.3130 0.0014 0.6392 0.1249 0.6550 0.4763

Variance 0.0849 0.1996 0.3146 0.3026 0.2924 0.3880 0.4804 0.5566 0.5750
MSE 0.1540 0.3695 0.4412 0.6155 0.2937 1.0272 0.6053 1.2117 1.0513

%N
Bias2 0.0002 0.0003 0.0014 0.0083 0.0019 0.0114 0.0003 0.0154 0.0154

Variance 0.0011 0.0018 0.0030 0.0027 0.0032 0.0040 0.0045 0.0051 0.0053
MSE 0.0012 0.0021 0.0044 0.0110 0.0050 0.0154 0.0048 0.0206 0.0207
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Table 4.16: [AR-HMM] MSE of the prediction up to 563. (The numbers in parenthesis represent the percentage over the longest prediction.)

Length of Prediction 4 8 12 16 20 24 28

SST
0.0860 0.1989 0.1556 0.1967 0.2585 0.2370 0.1710
(50.32) (116.33) (91.04) (115.06) (151.20) (138.66) (100)

C37
14.4714 71.4603 35.7690 39.7473 57.5197 50.9346 40.6577
(35.59) (175.76) (87.98) (97.76) (141.47) (125.28) (100)

δ15N
0.2108 1.5380 0.6201 0.6848 1.4787 0.7823 0.8482
(24.86) (181.33) (73.11) (80.74) (174.33) (92.23) (100)

%N
0.0090 0.0353 0.0268 0.0252 0.0546 0.0391 0.03856
(23.29) (91.78) (69.78) (65.64) (142.04) (101.58) (100)

Table 4.17: [AR-HMM] Squared bias, variance and MSE of the prediction up to 563.

Length of Prediction 4 8 12 16 20 24 28

SST
Bias2 0.0269 0.0645 0.0051 0.0408 0.0767 0.0520 0.0090

Variance 0.0592 0.1344 0.1505 0.1559 0.1817 0.1851 0.1620
MSE 0.0860 0.1989 0.1556 0.1967 0.2585 0.2370 0.1710

C37

Bias2 3.6656 46.9522 7.1700 9.2051 22.3467 15.2570 10.0923
Variance 10.8058 24.5082 28.5990 30.5421 35.1729 35.6776 30.5654

MSE 14.4714 71.4603 35.7690 39.7473 57.5197 50.9346 40.6577

δ15N
Bias2 0.0249 1.0078 0.0039 0.0015 0.4950 0.0192 0.0678

Variance 0.1859 0.5302 0.6162 0.6834 0.9837 0.7631 0.7804
MSE 0.2108 1.5380 0.6201 0.6848 1.4787 0.7823 0.8482

%N
Bias2 0.0066 0.0283 0.0196 0.0158 0.0427 0.0284 0.0281

Variance 0.0024 0.0070 0.0073 0.0095 0.0119 0.0106 0.0104
MSE 0.0090 0.0353 0.0268 0.0252 0.0546 0.0391 0.0385
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Figure 4.11: [AR-HMM] 1-step prediction from 265.5 to 266.
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Figure 4.12: [AR-HMM] 2-step prediction from 265 to 266.
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Figure 4.13: [AR-HMM] 3-step prediction from 264.5 to 266.
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Figure 4.14: [AR-HMM] 4-step prediction from 264 to 266.
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Figure 4.15: [AR-HMM] 5-step prediction from 263.5 to 266.
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Figure 4.16: [AR-HMM] 10-step prediction from 261 to 266.
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Figure 4.17: [AR-HMM] 16-step prediction from 258 to 266.
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Figure 4.18: [AR-HMM] 20-step prediction from 256 to 266.
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Figure 4.19: [AR-HMM] 30-step prediction from 251 to 266.
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Figure 4.20: [AR-HMM] 4-step prediction from 561 to 563.
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Figure 4.21: [AR-HMM] 8-step prediction from 559 to 563.



115

557 557.5 558 558.5 559 559.5 560 560.5 561 561.5 562 562.5 563

S
ta

te

1

1.5

2
12-step prediction from 557 to 563.

557 557.5 558 558.5 559 559.5 560 560.5 561 561.5 562 562.5 563

S
S

T

19

20

21

22

23

557 557.5 558 558.5 559 559.5 560 560.5 561 561.5 562 562.5 563

C
3

7

0

20

40

60

557 557.5 558 558.5 559 559.5 560 560.5 561 561.5 562 562.5 563

δ
1

5
N

0

5

10

15

Time step
557 557.5 558 558.5 559 559.5 560 560.5 561 561.5 562 562.5 563

%
N

0

0.5

1

Figure 4.22: [AR-HMM] 12-step prediction from 557 to 563.
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Figure 4.23: [AR-HMM] 16-step prediction from 555 to 563.
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Figure 4.24: [AR-HMM] 20-step prediction from 553 to 563.
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Figure 4.25: [AR-HMM] 24-step prediction from 551 to 563.
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Figure 4.26: [AR-HMM] 28-step prediction from 549 to 563.
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Table 4.18: [HMM] MSE of the prediction up to 266. (The numbers in parenthesis represent the percentage over the longest prediction.)

Length of Prediction 1 2 3 4 5 10 16 20 30

SST
0.1665 0.1958 0.2287 0.1594 0.2063 0.1929 0.2913 0.2737 0.3297
(50.50) (59.37) (69.37) (48.34) (62.57) (58.51) (88.36) (83.02) (100)

C47
67.7282 61.1064 60.0484 57.1512 57.7126 59.7901 59.0757 55.7505 50.5289
(134.04) (120.93) (118.84) (113.11) (114.22) (118.33) (116.91) (110.33) (100)

δ15N
0.6393 0.6543 0.5893 0.7088 0.6540 0.6176 0.6871 0.6596 0.6409
(99.75) (102.10) (91.95) (110.60) (102.04) (96.36) (107.21) (102.92) (100)

%N
0.0173 0.0153 0.0149 0.0168 0.0138 0.0152 0.0153 0.0151 0.0122

(141.66) (124.93) (121.73) (137.66) (113.21) (124.59) (124.77) (123.78) (100)

Table 4.19: [HMM] Squared bias, variance and MSE of the prediction up to 266.

Length of Prediction 1 2 3 4 5 10 16 20 30

SST
Bias2 0.1098 0.1186 0.1436 0.1027 0.1235 0.1169 0.1929 0.1776 0.2203

Variance 0.0568 0.0772 0.0851 0.0567 0.0828 0.0760 0.0985 0.0961 0.1094
MSE 0.1665 0.1958 0.2287 0.1594 0.2063 0.1929 0.2913 0.2737 0.3297

C47
Bias2 56.9347 48.8775 46.9825 42.4506 42.1690 45.1391 38.0106 33.2796 28.3141

Variance 10.7936 12.2289 13.0659 14.7006 15.5436 14.6511 21.0651 22.4709 22.2148
MSE 67.7282 61.1064 60.0484 57.1512 57.7126 59.7901 59.0757 55.7505 50.5289

δ15N
Bias2 0.4084 0.3585 0.2397 0.5274 0.2469 0.2728 0.1112 0.0996 0.0314

Variance 0.2309 0.2958 0.3496 0.1814 0.4071 0.3448 0.5759 0.5600 0.6095
MSE 0.6393 0.6543 0.5893 0.7088 0.6540 0.6176 0.6871 0.6596 0.6409

%N
Bias2 0.0140 0.0115 0.0110 0.0123 0.0093 0.0116 0.0094 0.0095 0.0064

Variance 0.0033 0.0038 0.0039 0.0045 0.0046 0.0037 0.0059 0.0057 0.0058
MSE 0.0173 0.0153 0.0149 0.0168 0.0138 0.0152 0.0153 0.0151 0.0122
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Table 4.20: [HMM] MSE of the prediction up to 563. (The numbers in parenthesis represent the percentage over the longest prediction.)

Length of Prediction 4 8 12 16 20 24 28

SST
0.1890 0.2055 0.1868 0.2028 0.1963 0.1675 0.1540

(122.73) (133.43) (121.25) (131.65) (127.46) (108.76) (100)

C47
56.5878 49.5813 52.2155 49.4299 44.3488 38.7476 39.9981
(141.48) (123.96) (130.54) (123.58) (110.88) (96.87) (100)

δ15N
0.7102 0.7476 0.8938 0.8695 0.8148 1.0295 1.1240
(63.18) (66.52) (79.53) (77.36) (72.49) (91.59) (100)

%N
0.0332 0.0291 0.0344 0.0280 0.0286 0.0281 0.0269

(123.41) (108.08) (128.06) (104.16) (106.40) (104.34) (100)

Table 4.21: [HMM] Squared bias, variance and MSE of the prediction up to 563.

Length of Prediction 4 8 12 16 20 24 28

SST
Bias2 0.0248 0.0020 0.0116 0.0002 0.0004 0.0003 0.0006

Variance 0.1642 0.2035 0.1752 0.2026 0.1960 0.1672 0.1534
MSE 0.1890 0.2055 0.1868 0.2028 0.1963 0.1675 0.1540

C47
Bias2 23.4969 11.7083 16.6004 13.3992 7.4904 9.1860 7.4263

Variance 33.0910 37.8730 35.6151 36.0307 36.8584 29.5616 32.5718
MSE 56.5878 49.5813 52.2155 49.4299 44.3488 38.7476 39.9981

δ15N
Bias2 0.0079 0.0443 0.0440 0.1453 0.0873 0.3207 0.4090

Variance 0.7023 0.7033 0.8499 0.7242 0.7275 0.7087 0.7150
MSE 0.7102 0.7476 0.8938 0.8695 0.8148 1.0295 1.1240

%N
Bias2 0.0224 0.0210 0.0240 0.0201 0.0206 0.0195 0.0191

Variance 0.0108 0.0080 0.0104 0.0079 0.0081 0.0085 0.0078
MSE 0.0332 0.0291 0.0344 0.0280 0.0286 0.0281 0.0269
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Figure 4.27: [HMM] 4-step prediction from 264 to 266.



123

561 561.5 562 562.5 563

S
ta

te

1

1.05

1.1

1.15

1.2
4-step prediction from 561 to 563

561 561.5 562 562.5 563

S
S

T

19

20

21

22

23

561 561.5 562 562.5 563

C
3
7

0

20

40

60

561 561.5 562 562.5 563

δ
1
5
N

0

5

10

15

Time step
561 561.5 562 562.5 563

%
N

0

0.5

1

Figure 4.28: [HMM] 4-step prediction from 561 to 563.
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4.3.3 Discussion

Four simultaneous and collocated paleoclimate indicators (SST, C37, δ15N , and %N) from

the central Peru margin (site MW8708-PC2) were analyzed based on the AR-HMM to

understand the interaction among the four proxies and their predictability. We obtained

these four proxies from high-resolution records, but the spacings of the records were not

regular. Thus, we considered the records as the data set with missing observations, and

filled in the missing parts with their expected values using the Kalman filter. The parameter

estimation and the data augmentation were iteratively repeated until the EM algorithm

converges.

Results based on the AR-HMM confirmed that there are two distinct states at this site,

characterized by different levels of variability and predictability. The record switches back

and forth between the two states, where one state has high variability with low correlation

and another state has low variability with relatively high correlation. Even in the state with

relatively high correlations, cross-correlations between the different proxies are much lower

than the autocorrelation of each proxy with its previous value. The large autocorrelations

may increase the accuracy of predictability, while small cross-correlation indicates that the

different proxies are not causally related to one another. Thus, we concluded that the four

proxies are not directly related to each other in this location.

Paleoclimate analyses with multiple simultaneous, co-located proxy data often assume

that cross-correlations indicate shared causality. The basic cross-correlation analysis based

on the HMM indicates the existence of two states, which differ in magnitude of cross-

correlation. However, the strength of cross-correlation decreases by allowing for the per-

sistence of variables, i.e. using the AR-HMM. This tells us that simple analyses of cross-

correlation cannot be interpreted as true relationships between the different proxies in

paleoclimate analyses.
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Figure 4.29: Time series of sea surface temperature and rescaled PDO index. The blue line
represents the El Niño-dominated temporal variability of the nearest monthly HadISST data after
removal of a seasonal cycle (using 1900-2014 climatology). The red line indicates the 3-year running
mean of the same data, and the red circles are exemplars of 3-year averages plotted every seventh
year. Also, the black line represents the PDO index.

Further analysis on SST was done to examine which ocean variability would be cor-

related with the paleoclimate proxies at this site. Warming in this region correlates well

with warming along the central and eastern equatorial Pacific, and cooling over most of

the extratropical Pacific, and weakly correlates with temperatures in other basins. The

warming pattern resembles both the El Niño pattern and the Pacific Decadal Oscillation

(PDO) pattern [41].

Accordingly, three SST datasets (The HadISST - version 1.1 [162], ERSST version -

4 [79], and HadSST - version 3.1.1[96]) were examined to reveal the relationships with

the PDO pattern. Here we only display the results of the HadISST data in Figure 4.29

as the results are similar among the datasets. While some of the biggest El Niño events

(1982-3, 1997-8) are still visible in the filtered data, it is evident that the time filtering has

removed most of the high-frequency El Niño variability. Deser et al. [41] follow Mantua et

al. [118] in tracking the PDO using the first empirical orthogonal function and principal

component of North Pacific sea surface temperature after the removal of seasonal and

global mean variability. The first principal component of North Pacific (20◦N to 70◦N,

100◦E to 100◦W) variability after removing the global mean and seasonal variability is

taken as a PDO index. The index captures much of the low-frequency variability near the

sediment location, even though the core location is remote from all data in the PDO index
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and the monthly index, and core location SST have a correlation coefficient of only 0.16.

However, the running means over 2 to 22-years have coefficients above 0.53 and a peak

just above 0.6 for 7-year averages. Thus, we interpret the dominant variability in the core

measurements to be associated the PDO.



Chapter Five

Conclusion
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In this thesis, we focused on analyzing paleoclimate records based on Bayesian statistical

tools. We introduced the probability stack, combining multiple benthic δ18O records in

Chapter 2, and investigated the uncertainties in glacial termination timings in Chapter

3. In Chapter 4, we analyzed the multidimensional proxies to find their correlation and

underlying state changes. In this final chapter, we summarize these three studies.

In the first study, we presented a newly constructed probabilistic benthic δ18O stack

(Prob-stack) from globally distributed 180 benthic δ18O records using a profile hidden

Markov model. We assumed that each stack value follows a normal distribution and esti-

mated its mean and variance. The mean of the Prob-stack represents the global nature of ice

volume signal and deep water temperature, and the variance term describes the variability

across the 180 records and the uncertainty of their alignments to the stack. The alignment

process assigned age estimates for each record, and we constructed the Prob-stack based

on these age estimates. To validate the stack algorithm, we simulated the benthic δ18O

records and the stack and then reconstructed the stack using the simulated records. This

validation confirmed that the algorithm accurately returns the stack based on the proba-

bilistic models. The comparisons between the LR04 stack and the means of the Prob-stack

showed that the means of the Prob-stack are smoother than the LR04 stack and that

there are phase differences at some intervals. The LR04 stack was constructed based on

deterministic alignments of the 57 LR04 cores. Each point of the records only contributes

to a single time interval of the stack. On the other hand, the Prob-stack was obtained

based on age assignment samples of the full 180 cores. Thus, each point of the records

can contribute to more than one time interval of the stack depending on the alignment

uncertainties, thereby producing a smoother signal of δ18O values than the LR04 stack.

Regarding phase differences, the algorithm used to construct the LR04 stack includes age

adjustments after alignments, while the new algorithm does not include any further ad-

justments after synchronizing the records. This difference, along with stretching or lower

compression near the tops of most sediment cores, induces the phase differences. Further

analysis on age estimates of the Prob-stack could provide a better understanding of the
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phase differences and age uncertainties. The novelty of the Prob-stack is to provide the

probabilistic distribution of benthic δ18O values at each point in the stack. In doing so, it

captures the time-varying variability of the stack and allows assessment of the uncertainty

in ages and lead/lag relationships.

Next, the relative timing of glacial termination between the eastern and western tropical

Pacific (EP and WP) was investigated using sea surface temperature (SST ) records. We

designed the timing algorithm to track uncertainties that originated from each step. First,

we obtained SST records from either Mg/Ca of Uk
′

37 using the Bayesian calibration and

found the age estimates of the records from benthic δ18O values using the HMM-match

algorithm. Next, the Bayesian change point algorithm was employed to find the distribution

of a change point, which corresponds to the timing of glacial termination, using the SST

time series composed of SST records and age estimates. After obtaining the distribution of

a change point for each record, we then compared each finding to the distribution from the

reference record in order to find the distribution of the relative timings. The distribution of

relative timing determines whether the record of interest leads or lags the reference record.

Based on the current SST time series and timing algorithm, we could not conclude whether

the EP or WP were lead/lag in relation to each other due to large uncertainties. The novelty

of this study lies in the design of combining statistical tools to find relative timing and

quantitative assessments of the various sources of uncertainties. This approach can be

widely applicable to rigorously analyze lead/lag relationships of other climate proxies as

well.

Lastly, we analyzed collocated multidimensional proxies from the central Peru margin

to find their correlations and changes of their variabilities. It was challenging to analyze

these multidimensional records due to their irregular spacing patterns. We augmented the

data sets using both the Kalman filter and the Kalman smoother to have evenly spaced data

sets. The parameter estimations of the autoregressive HMM (AR-HMM) and data augmen-

tations were done iteratively until the EM algorithm converged. To prevent the algorithm
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converging to local maximum estimators instead of the global maximum estimator, we ran

the algorithm with 100 different initial values and chose one that achieved the maximum

likelihood. The results based on the AR-HMM confirmed that the data sets underwent

flickering switches between two states that differ in their variability and persistence. While

we found high and low cross-correlation states based on the HMM, different proxy-to-proxy

cross-correlations based on the AR-HMM were negligible compared to the autocorrelation

with its own lagged term. This finding showed that apparent correlation between SST, C37,

δ15N , and %N is the result of a confounding effect of an external variable. Specifically, the

AR-HMM showed that each of these four variables is highly autocorrelated, i.e. predictive

of their own future course, but they are not cross-correlated, i.e. each has little impact on

the future course of the other. Our subsequent analysis of the relationship of SST in this

location is consistent with PDO and indicates that the PDO is a possible driver to SST.

This outcome also implies that all four proxies are driven by some outside variables in a

similar manner, thereby inducing an apparent correlation between the four proxies, when

auto-correlation is ignored, as in the HMM. By its nature, the AR-HMM does not reveal

the identity of the common factor, but rather implies that the dynamic system behind this

underlying process has a dependence only of its own previous state.

Paleoclimatology analyzes climate changes imprinted on geological records. Uncertainty

exists even in the first step of analysis, as it is found beginning in the very first of mea-

surements of proxies and continues throughout all stages. Therefore, it is crucial to con-

sider uncertainty and the variability of results for every step of investigating paleoclimate

records. We expect the statistical tools we introduced in this thesis to play an essential

role in rigorously analyzing paleoclimate data.



Appendix A

Metadata table
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Table A.1: Information regarding 57 benthic δ18O records used to construct the Prob-LR04-stack (site name, file name, latitude, longitude, water
depth, period of record, and comments).

Site Name File Name Latitude Longitude Water Depth Period of Record [kyr] Comments

DSDP502 502 LR04age 1.txt 11.4910 -79.3797 3051 (1800 sill) 2.71-2205.28 Divided into multiple files due

to age gapDSDP502 502 LR04age 2.txt 11.4910 -79.3797 3051 (1800 sill) 2287.55-2609.37

DSDP552 552 LR04age.txt 56.0427 -23.2313 2301 4.28-1326.34

DSDP607 607 LR04age.txt 41.0012 -32.2313 3427 12-5317.9

DSDP610 610 LR04age.txt 53.2215 -18.8868 2417 2091.7-3585.8

ODP658 658 LR04age.txt 20.7492 -18.5808 2263 0.54-710

ODP659 659 LR04age.txt 18.0772 -21.0262 3071 0-4987.94

ODP662 662 LR04age 1.txt -1.3902 -11.7392 3814 1550-1737.79 Divided into multiple files due

to age gapODP662 662 LR04age 2.txt -1.3902 -11.7392 3814 2271.39-3550

ODP664 664 LR04age.txt 0.1073 -23.2275 3806 5.31-1250

ODP665 ODP665.txt 2.9512 -19.6678 4741 2153-2565

ODP677 677 LR04age 1.txt 1.2023 -83.7370 3472 12.83-2483.96 Divided into multiple files due

to changes in sampling resolutionODP677 677 LR04age 2.txt 1.2023 -83.7370 3472 2512.05-2597.93

ODP704 704 LR04age 1.txt -46.8790 7.4208 2532 1059.65-2148.59 Divided into multiple files due

to age gapODP704 704 LR04age 2.txt -46.8790 7.4208 2532 2374.91-3966.29

ODP722 722 LR04age.txt 16.6218 59.7953 2022 1.99-3850.4

ODP758 758 LR04age.txt 5.3842 90.3612 2923 4.13-3750

ODP806 806 LR04age.txt 0.3190 159.3610 2520 0-649.97
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Table A.1 – continued from previous page

Site Name File Name Latitude Longitude Water Depth Period of Record [kyr] Comments

ODP846 846 LR04age.txt -3.0949 -90.8180 3296 3.65-5334.91

ODP849 849 LR04age 1.txt 0.1823 -110.5197 3839 3.41-3731.9 Divided into multiple files due

to changes in sampling resolutionODP849 849 LR04age 2.txt 0.1823 -110.5197 3839 3732.26-4966.71

ODP925 925 LR04age 1.txt 4.2042 -43.4889 3041 0-527.05

Divided into multiple files due

to changes in sampling resolution

ODP925 925 LR04age 2.txt 4.2042 -43.4889 3041 527.83-1186.84

ODP925 925 LR04age 3.txt 4.2042 -43.4889 3041 1192.35-4375.52

ODP925 925 LR04age 4.txt 4.2042 -43.4889 3041 4379.78-5096.59

ODP927 927 LR04age 1.txt 5.4627 -44.4805 3315 6.45-3432.58
Divided into multiple files due

to changes in sampling resolution
ODP927 927 LR04age 2.txt 5.4627 -44.4805 3315 3506.51-4166.55

ODP927 927 LR04age 3.txt 5.4627 -44.4805 3315 4519.57-4947.28

ODP928 928 LR04age.txt 5.4553 -43.7480 4011 4.47-3347.31

ODP929 929 LR04age.txt 5.9762 -43.7399 4356 0-3360

ODP980 980 LR04age.txt 55.4848 -14.7022 2172 0-998.46

ODP981 981 LR04age.txt 55.4772 -14.6508 2173 859-4580

ODP982 982 LR04age.txt 57.5167 -15.8667 1135 0-5333.83

ODP983 983 LR04age 1.txt 60.4033 -23.6407 1983 0.99-312.58

Divided into multiple files due

to changes in sampling resolution

ODP983 983 LR04age 2.txt 60.4033 -23.6407 1983 312.84-717.11

ODP983 983 LR04age 3.txt 60.4033 -23.6407 1983 717.38-1387.41

ODP983 983 LR04age 4.txt 60.4033 -23.6407 1983 1387.63-1992.26
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Table A.1 – continued from previous page

Site Name File Name Latitude Longitude Water Depth Period of Record [kyr] Comments

ODP984 984 LR04age 1.txt 61.4251 -24.0825 1649 0.02-176.37
Divided into multiple files due

to changes in sampling resolution
ODP984 984 LR04age 2.txt 61.4251 -24.0825 1649 196.82-1721.44

ODP984 984 LR04age 3.txt 61.4251 -24.0825 1649 1754.95-1810

ODP999 999 LR04age.txt 12.7433 -78.7400 2828 1652.78-5266.99

ODP1012 1012 LR04age.txt 32.2828 -118.3830 1772 0-1810

ODP1020 1020 LR04age.txt 41.0090 -126.4340 3040 2.78-1670

ODP1085 1085 LR04age.txt -29.3743 13.9902 1713 2100-4898.23

ODP1087 1087 LR04age.txt -31.4650 15.3108 1372 0.14-340

ODP1088 1088 LR04age.txt -41.1361 13.5628 2082 12.21-1220

ODP1089 1089 LR04age 1.txt -40.9364 9.8941 4620 0-193.95
Divided into multiple files due

to changes in sampling resolution
ODP1089 1089 LR04age 2.txt -40.9364 9.8941 4620 216.19-283.14

ODP1089 1089 LR04age 3.txt -40.9364 9.8941 4620 311.6-649.8

ODP1090 1090 LR04age.txt -42.9137 8.8997 3700 0-2800

ODP1092 ODP1092.txt -46.4118 7.0799 1973 2680-4280

ODP1123 1123 LR04age.txt -41.7860 -171.4990 3290 0-2990

ODP1143 1143 LR04age.txt 9.3620 113.2851 2772 5.66-5050

ODP1146 1146 LR04age 1.txt 19.4567 116.2728 2092 0-313.99 Divided into multiple files due

to changes in sampling resolutionODP1146 1146 LR04age 2.txt 19.4567 116.2728 2092 319.28-477.85

ODP1148 1148 LR04age.txt 18.8362 116.5655 3295 0-5316.65
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Table A.1 – continued from previous page

Site Name File Name Latitude Longitude Water Depth Period of Record [kyr] Comments

GeoB1032 GeoB1032 LR04age.txt -22.9100 6.0317 2500 1.42-380

GeoB1034 GeoB1034 LR04age.txt -21.7280 5.4258 3772 3.1-930

GeoB1035 GeoB1035 LR04age.txt -21.5942 5.0300 4453 1.31-426

GeoB1041 GeoB1041 LR04age.txt -3.4750 -7.5941 4034 0.35-575

GeoB1101 GeoB1101 LR04age.txt 1.6633 -10.9767 4567 0.77-542

GeoB1105 GeoB1105 LR04age.txt -1.6650 -12.4280 3230 0-363.71

GeoB1113 GeoB1113 LR04age.txt -5.7540 -11.0362 2374 0-350

GeoB1117 GeoB1117 LR04age.txt -3.8080 -14.7200 3984 0-362

GeoB1211 GeoB1211 LR04age.txt -24.4730 7.5360 4089 0.32-667

GeoB1214 GeoB1214 LR04age.txt -24.6900 7.2400 3210 2.09-450

GeoB1312 GeoB1312 LR04age.txt -31.6617 -29.6567 3436 9.1-448.74

GeoB1505 GeoB1505 LR04age.txt 2.2700 -33.0100 3705 1.3-419.97

MD95-2042 MD952042 LR04age.txt 37.7990 -10.1665 3146 0-160

PC-72 PC72 LR04age.txt 0.1130 -139.4000 4298 0.1-1010

RC13-110 RC13110 LR04age.txt -0.0970 -95.6500 3231 0.1-781

RC13-229 RC13229 LR04age.txt -25.4900 11.3070 4191 0-708.35

V19-28 V1928 LR04age.txt -2.3667 -84.6500 2720 0-435

V19-30 V1930 LR04age.txt -3.3833 -83.3500 3091 2.88-344.44

V21-146 V21146 LR04age.txt 37.6800 163.0300 3968 10.19-530
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Table A.2: Information regarding 57 benthic δ18O records used to construct the Prob-LR04-stack (site name, reference name, and reference link).

Site Name Reference Name Reference Link

DSDP502 deMenocal et al. (1992) doi:10.1029/92PA00420

DSDP552 Shackleton and Hall (1984) doi:10.2973/dsdp.proc.81.116.1984

DSDP607 Ruddiman et al. (1989); Raymo et al. (1989); Raymo et al.

(1992); Lisiecki and Raymo (2005)

doi:10.1029/PA004i004p00353; doi:10.1029/PA004i004p00413;

doi:10.1029/92PA01609; doi:10.1029/2004PA001071

DSDP610 Raymo et al. (1992) doi:10.1029/92PA01609

ODP658 Tiedemann (1991) http://epic.awi.de/17863/

ODP659 Tiedemann et al. (1994) doi:10.1029/94PA00208

ODP662 Lisiecki and Raymo (2005) doi:10.1029/2004PA001071

ODP664 Raymo et al. (1997) doi:10.1029/97PA01019

ODP665 Curry and Miller (1989) doi:10.2973/odp.proc.sr.108.134.1989

ODP677 Shackleton et al. (1990) doi:10.1017/S0263593300020782

ODP704 Hodell and Venz (1992) doi:10.1029/AR056p0265

ODP722 Clemens et al. (1996) doi:10.1126/science.274.5289.943

ODP758 Chen et al. (1995) doi:10.1029/94PA02290

ODP806 Berger et al. (1993) doi:10.2973/odp.proc.sr.130.023.1993

ODP846 Mix et al. (1995a); Shackleton et al.(1995) doi:10.2973/odp.proc.sr.138.160.1995;

doi:10.2973/odp.proc.sr.138.117.1995

ODP849 Mix et al. (1995b) doi:10.2973/odp.proc.sr.138.120.1995
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Site Name Reference Name Reference Link

ODP925 Bickert et al. (1997); Billups et al. (1998); Franz (1999) doi:10.2973/odp.proc.sr.154.110.1997; doi:10.1029/97PA02995;

doi:10.3289/GEOMAR Report 084 1999

ODP927 Bickert et al. (1997); Franz (1999) doi:10.2973/odp.proc.sr.154.110.1997;

doi:10.3289/GEOMAR Report 084 1999

ODP928 Franz (1999) doi:10.3289/GEOMAR Report 084 1999

ODP929 Bickert et al. (1997); Billups et al. (1998); Franz (1999) doi:10.2973/odp.proc.sr.154.110.1997; doi:10.1029/97PA02995;

doi:10.3289/GEOMAR Report 084 1999

ODP980 Oppo et al. (1998); McManus et al. (1999); Flower et al. (2000) doi:10.1126/science.279.5355.1335;

doi:10.1126/science.283.5404.971; doi:10.1029/1999PA000430

ODP981 Mc Intyre et al. (1999); Raymo et al. (2004) doi:10.1029/1998PA900005; doi:10.1029/2003PA000921

ODP982 Venz et al. (1999); Venz and Hodell (2002); Lisiecki and Raymo

(2005)

doi:10.1029/1998PA900013; doi:10.1016/S0031-0182(01)00496-

5; doi:10.1029/2004PA001071

ODP983 Mc Intyre et al. (1999); Raymo et al. (2004) doi:10.1029/1998PA900005; doi:10.1029/2003PA000921

ODP984 Raymo et al. (2004) doi:10.1029/2003PA000921

ODP999 Haug and Tiedemann (1998) doi:10.1038/31447

ODP1012 Herbet et al. (2001); Z. Liu, Personal Communication (2002) doi:10.1126/science.1059209

ODP1020 Herbet et al. (2001); Z. Liu, Personal Communication (2002) doi:10.1126/science.1059209

ODP1085 D. Andreasen, Personal Communication 2001

ODP1087 Pierre et al. (2001) doi:10.2973/odp.proc.sr.175.230.2001
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Site Name Reference Name Reference Link

ODP1088 Hodell et al. (2003) doi:10.2973/odp.proc.sr.177.120.2003

ODP1089 Hodell et al. (2001) doi:10.1016/S0012-821X(01)00430-7

ODP1090 Venz and Hodell (2002) doi:10.1016/S0031-0182(01)00496-5

ODP1092 Andersson et al. (2002) doi:10.1016/S0031-0182(01)00494-1

ODP1123 Hall et al. (2001); Harris (2002) doi:10.1038/35090552; doi:10.2973/odp.proc.sr.181.203.2002

ODP1143 Tian et al. (2002) doi:10.1016/S0012-821X(02)00923-8

ODP1146 S. Clemens, Personal Communication (2002)

ODP1148 Jian et al. (2003) doi:10.1016/S0031-0182(03)00259-1

GeoB1032 Bickert and Wefer (1996) doi:10.1007/978-3-642-80353-6 30

GeoB1034 Bickert and Wefer (1996) doi:10.1007/978-3-642-80353-6 30

GeoB1035 Bickert and Wefer (1996) doi:10.1007/978-3-642-80353-6 30

GeoB1041 Bickert and Wefer (1996) doi:10.1007/978-3-642-80353-6 30

GeoB1101 Bickert and Wefer (1996) doi:10.1007/978-3-642-80353-6 30

GeoB1105 Bickert and Wefer (1996) doi:10.1007/978-3-642-80353-6 30

GeoB1113 Sarnthein et al. (1994) doi:10.1029/93PA03301

GeoB1117 Bickert and Wefer (1996) doi:10.1007/978-3-642-80353-6 30

GeoB1211 Bickert and Wefer (1996) doi:10.1007/978-3-642-80353-6 30

GeoB1214 Bickert and Wefer (1996) doi:10.1007/978-3-642-80353-6 30

GeoB1312 Hale and Pflaumann (1999) doi:10.1007/978-3-642-58646-0 2
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Site Name Reference Name Reference Link

GeoB1505 Zabel et al. (1999) doi:10.1029/1999PA900027

MD95-2042 Shackleton et al. (2000) doi:10.1029/2000PA000513

PC-72 Murray et al. (2000) doi:10.1029/1999PA000457

RC13-110 Mix et al. (1991); Imbrie et al. (1992) doi:10.1029/90PA02303; doi:10.1029/92PA02253

RC13-229 Oppo et al. (1990) doi:10.1029/PA005i001p00043

V19-28 Ninkovitch and Shackleton (1975) doi:10.1016/0012-821X(75)90156-9

V19-30 Shackleton and Pisias (1985) doi:10.1029/GM032p0303

V21-146 Hovan et al. (1991) doi:10.1029/91PA00559
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Table A.3: Information regarding an additional 123 benthic δ18O records used to construct the Prob-stack (site name, file name, latitude, longitude,
water depth, depth reference and period of record).

Site Name File Name Latitude Longitude Water Depth Depth reference Period of Record [kyr]

82-24-23PC 82-24-23PC.txt 43.0000 -31.0000 3406 9.33-278

AII107-131 AII107-131.txt -30.8800 -38.0483 2925 4-302

C9001C C9001C.txt 41.1773 142.2014 1180 mbsf 0-750

DSDP214 DSDP214.txt -11.3400 88.7200 1665 mbsf 2175-4410

DSDP548 DSDP548.txt 48.9158 -12.1640 1251 Not Specified 3018-3690

DSDP590 DSDP590.txt -31.1670 163.3585 1299 mbsf 2710-4460

DSDP593 DSDP593.txt -40.5087 167.6747 1080 N/A 4-5200

DSDP594 DSDP594.txt -45.5235 174.9480 1204 N/A 4-1000

DSDP607 DSDP607.txt 41.0000 -32.0000 3427 mcd 255-1910

ELT49.019-PC ELT49.019-PC.txt -43.8870 90.1000 3057 3-298

EW9209-1JPC EW9209-1JPC.txt 5.9067 -44.1950 4056 0-530

EW9209-2JPC EW9209-2JPC.txt 5.6000 -44.5000 3528 0-415

EW9209-3JPC EW9209-3JPC.txt 5.3000 -44.3000 3288 0-448

EW9504-02 EW9504-02.txt 31.2500 -117.5833 2042 0-200

EW9504-03 EW9504-03.txt 32.0667 -117.3667 1299 0-170

EW9504-04 EW9504-04.txt 32.2833 -118.4000 1759 1-200

EW9504-05 EW9504-05.txt 32.4833 -118.1333 1818 2-110

EW9504-08 EW9504-08.txt 32.8000 -118.8000 1442 0-130
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Site Name File Name Latitude Longitude Water Depth Depth reference Period of Record [kyr]

EW9504-09 EW9504-09.txt 32.8667 -119.9667 1194 0-135

GeoB1112 GeoB1112.txt -5.7783 -10.7500 3125 1-271

GeoB1118 GeoB1118.txt -3.5600 -16.4317 4675 0-387

GeoB1710 GeoB1710.txt -23.4317 11.6983 2987 2-247

GeoB3004 GeoB3004.txt 14.6050 52.9200 1803 0-190

GeoB3327-5 GeoB3327.txt -43.2400 -79.9917 3531 7-513

GeoB3388-1 GeoB3388.txt -25.2200 -75.5250 3558 10-1100

GeoB3935 GeoB3935.txt 12.6133 -59.3867 1558 0-176

GeoB3938 GeoB3938.txt 12.2583 -58.3300 1972 0-244

GeoB4216 GeoB4216.txt 30.6300 -12.3967 2324 0-256

GIK12392-1 GIK12392.txt 25.1717 -16.8450 2575 0-150

GIK13519-1 GIK13519 1.txt 5.6700 -19.8517 2862 0-750

GIK13519-1 GIK13519 2.txt 5.6700 -19.8517 2862 0-140

GIK15612 GIK15612.txt 44.3600 -26.5433 3050 4-144

GIK15627 GIK15627.txt 29.1667 -12.0867 1024 7-268

GIK15637 GIK15637.txt 27.0050 -18.9867 3849 7-420

GIK16772 GIK16772.txt -1.3500 -11.9617 3912 17-334

GIK17049 GIK17049.txt 55.2600 -26.7250 3331 0-334

GIK23414 GIK23414.txt 53.5367 -20.2883 2196 0-250
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Site Name File Name Latitude Longitude Water Depth Depth reference Period of Record [kyr]

GIK23415 GIK23415.txt 53.1783 -19.1450 2472 0-250

INMD114 INMD114.txt -8.8000 -138.9900 3135 4-312

LV28-42-4 LV28-42-4.txt 51.7148 150.9855 1041 1-346

M16772 M16772.txt -1.3500 -11.9667 3912 0-331

M35027 M35027.txt 17.6483 -67.1667 1814 10-350

MD01-2378 MD01-2378 1.txt -13.0825 121.7880 1783 1-461

MD01-2378 MD01-2378 2.txt -13.0825 121.7880 1783 23.9-63.9

MD01-2415 MD01-2415.txt 53.9515 149.9586 822 1-1090

MD01-2416 MD01-2416.txt 51.2680 167.7250 2317 0-450

MD01-2443 MD01-2443 1.txt 37.8800 -10.1800 2925 193-423

MD01-2443 MD01-2443 2.txt 37.8815 -10.1762 2952 0-433

MD01-2446 MD01-2446.txt 39.0558 -12.6240 3570 305-545

MD01-2448 MD01-2448.txt 44.7798 -11.2745 3460 0-1183

MD02-2575 MD02-2575 1.txt 29.0017 -87.1188 847 1.2-300

MD02-2575 MD02-2575 2.txt 29.0017 -87.1189 847 0-400

MD02-2588 MD02-2588.txt -41.3317 25.8283 2907 0-353

MD03-2692 MD03-2692.txt 46.8333 -9.5167 4064 7-350

MD03-2699 MD03-2699.txt 39.0367 -10.6605 1865 300-580

MD03-2705 MD03-2705.txt 18.0968 -21.1532 3085 0-1108
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Site Name File Name Latitude Longitude Water Depth Depth reference Period of Record [kyr]

MD04-2881 MD04-2881.txt 22.2000 63.0800 2387 8-762

MD05-2920 MD05-2920.txt -2.8633 144.5344 1843 1-388

MD06-3018 MD06-3018.txt -23.0000 166.1500 2470 0-1557

MD12-3409 MD12-3409.txt -1.1012 89.2687 2429 0-1757

MD95-2042 MD95-2042.txt 37.7998 -10.1665 3146 0-417

MD96-2048 MD96-2048.txt -26.1660 34.0200 660 0-790

MD96-2080 MD96-2080.txt -36.3200 19.4700 2488 0-450

MD96-2086 MD96-2086.txt -25.8100 12.1300 3606 10-243

MD96-2098 MD96-2098.txt -25.5900 12.6300 2909 6-193

MD97-2120 MD97-2120.txt -45.5343 174.9308 1210 2-341

MD97-2125 MD97-2125.txt -22.5667 161.7333 1684 5-362

MV0502-4JC MV0502 1.txt -50.3333 -148.1333 4286 23-210

MV0502-4JC MV0502 2.txt -50.3333 -148.1333 4286 441-679

MV0502-4JC MV0502 3.txt -50.3333 -148.1333 4286 1575-2975

ODP1011 ODP1011.txt 31.2833 -117.6333 2033 (1600) mcd 0-340

ODP1014 ODP1014 1.txt 32.8339 -119.9810 1165.8 mcd 386-916

ODP1014 ODP1014 2.txt 32.8341 -119.9813 1177 mcd 0-187

ODP1018 ODP1018.txt 36.9833 -123.2833 2476 N/A 0-188

ODP1019 ODP1019.txt 41.6828 -124.9330 988 mcd 0-255
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Site Name File Name Latitude Longitude Water Depth Depth reference Period of Record [kyr]

ODP1058 ODP1058.txt 31.6898 -75.4300 2984 N/A 69-144

ODP1082 ODP1082.txt -21.0939 11.8206 1279.3 mcd 1711-3625

ODP1083 ODP1083.txt -20.8947 11.2179 2178.1 mcd 2038-2676

ODP1143 ODP1143.txt 9.3600 113.2800 2772 mcd 0-5021

ODP1146 ODP1146.txt 19.4500 116.2700 2092 mcd 4.1-5049

ODP1147 ODP1147.txt 18.8352 116.5546 3245.5 mcd 6-5324

ODP1168 ODP1168.txt -42.6097 -144.4128 2463 N/A 8-930

ODP1170 ODP1170.txt -47.1506 -146.0497 2705 N/A 0-450

ODP1172 ODP1172.txt -43.9597 -49.9283 2622 N/A 0-411

ODP1208 ODP1208.txt 36.1000 158.5000 3346 mbsf 1760-3700

ODP1209 ODP1209.txt 32.6518 158.5059 2387 mbsf 0-350

ODP1236 ODP1236.txt -21.3590 -81.4361 1323 mcd 2322-5258

ODP1237 ODP1237.txt -16.0070 -76.3781 3212 N/A 4160-5338

ODP1239 ODP1239.txt -0.6720 -82.0808 1415 N/A 2700-4964

ODP1241 ODP1241 1.txt 5.8428 -86.4445 2027 cmcd 0-2129

ODP1241 ODP1241 2.txt 5.8428 -86.4445 2027 N/A 2443-5691

ODP723 ODP723.txt 18.0518 57.6087 816.3 mbsf 0-1500

ODP724 ODP724.txt 18.4625 57.7865 603 N/A 6-352

ODP806 ODP806.txt 0.3190 159.3610 2520 ambsf 6.5-1389
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Site Name File Name Latitude Longitude Water Depth Depth reference Period of Record [kyr]

ODP871 ODP871.txt 5.5500 172.3400 1255 mbsf 0-537

ODP926 ODP926.txt 3.7180 -42.9080 3598 mcd 0-4939

ODP928 ODP928.txt 5.5000 -44.8000 4010 0-3347

ODP959 ODP959.txt 3.6278 -2.7353 2090 N/A 0-981

ODP978 ODP978.txt 36.2311 -2.0570 438 Not Specified 3000-3627

ODP980 ODP980.txt 55.4848 -14.7022 2172 mcd 0-191

PC-S2 PC-S2.txt 33.3625 159.1283 3107 6-526

PS2561-2 PS2561-2.txt -41.8583 28.5417 4465 0-198

SU92-03 SU92-03.txt 43.1958 -10.1130 3005 0-152

TR163-31P TR163-31P.txt -3.5833 -83.9500 3205 0-234

TT013-PC18 TT013-PC18.txt -1.8339 -139.7011 4354 2-780

TTN057-6-PC4 TTN057-6-PC4.txt -42.9213 8.6000 3751 mcd 1-1104

U1308 U1308.txt 49.8800 -24.2400 3883 mcd 0-1513

U1313 U1313 1.txt 41.0000 -32.9573 3426 mcd 2414-3331

U1313 U1313 2.txt 41.0000 -32.9570 3411 mcd 788-913

U1313 U1313 3.txt 41.0000 -32.9570 3411 amcd 600-700

U1313 U1313 4.txt 41.0000 -32.9573 3426 rmcd 356-549

U1314 U1314 1.txt 56.3640 -27.8880 2800 mcd 403-775

U1314 U1314 2.txt 56.3600 -27.8800 2820 mcd 779-1070
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Site Name File Name Latitude Longitude Water Depth Depth reference Period of Record [kyr]

U1343 U1343 1.txt 54.5567 176.8167 1950 CCSF-A 7-1190

U1343 U1343 2.txt 54.5567 176.8167 1950 1190-2350

V19-27 V19-27.txt -0.4670 -82.0700 1373 0-377

V22-108 V22-108.txt -43.1800 -3.2500 4171 0-237

V29-135 V29-135.txt -19.7000 8.8830 2675 0-300

V29-202 V29-202.txt -61.0000 -21.0000 2658 0-200

V30-97 V30-97.txt 41.0000 -32.9300 3371 0-250

Y74-2-22PC Y74-2-22PC.txt 23.7300 -112.4380 3054 0-661

MD06-2990 MD06-2990.txt -42.3080 169.8800 943 67.94-350.19

SO136-003 SO136-003.txt -42.2957 169.8780 944 2.87-67.09

MD06-2986 MD06-2986.txt -43.4485 167.9000 1477 0.48-350
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Table A.4: Information regarding an additional 123 benthic δ18O records used to construct the Prob-stack (site name, file name, species, offset, and
comments). Note that (1) indicates that the offset is applied by author of the reference and (2) indicates that the offset is applied in this study.

Site Name File Name Species Offset Comments

82-24-23PC 82-24-23PC.txt C.wuellerstorfi/ Uvigerina spp 0.64 (1)

AII107-131 AII107-131.txt C.wuellerstorfi 0.64 (2)

C9001C C9001C.txt U.akitaensis/ U.peregrina (1)

DSDP214 DSDP214.txt C.wuellerstorfi 0.64 (2)

DSDP548 DSDP548.txt C.mundulus Corrected to LR04 stack values

(1)

DSDP590 DSDP590.txt U.peregrina –

DSDP593 DSDP593.txt Uvigerina spp –

DSDP594 DSDP594.txt Uvigerina spp –

DSDP607 DSDP607.txt C.wuellerstorfi/ Uvigerina spp 0.64 (1)

ELT49.019-PC ELT49.019-PC.txt Cibicidoides spp 0.64 (2)

EW9209-1JPC EW9209-1JPC.txt C.wuellerstorfi 0.64 (2)

EW9209-2JPC EW9209-2JPC.txt C.wuellerstorfi 0.64 (2)

EW9209-3JPC EW9209-3JPC.txt C.wuellerstorfi 0.64 (2)

EW9504-02 EW9504-02.txt C.mckannai 0.64 (2)

EW9504-03 EW9504-03.txt C.mckannai 0.64 (2)

EW9504-04 EW9504-04.txt C.mckannai 0.64 (2)
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Site Name File Name Species Offset Comments

EW9504-05 EW9504-05.txt C.mckannai 0.64 (2) Age reversal caused by piecewise

interpolation. Redid the interpo-

lation over this interval. Conse-

quently, age at 2.1m and 2.12m

changed from 30.75kyr to 30.54

and 31.02kyr to 30.61kyr respec-

tively

EW9504-08 EW9504-08.txt C.mckannai 0.64 (2)

EW9504-09 EW9504-09.txt C.mckannai 0.64 (2)

GeoB1112 GeoB1112.txt Cibicidoides spp 0.64 (2)

GeoB1118 GeoB1118.txt Cibicidoides spp 0.64 (2)

GeoB1710 GeoB1710.txt C.wuellerstorfi 0.64 (2)

GeoB3004 GeoB3004.txt Multiple 0.64 (2), 0.49 (2), -0.3 (2)

GeoB3327-5 GeoB3327.txt C.wuellerstorfi (1) but not explicit

GeoB3388-1 GeoB3388.txt C.wuellerstorfi 0.64 (2)

GeoB3935 GeoB3935.txt C.wuellerstorfi 0.64 (2)

GeoB3938 GeoB3938.txt C.wuellerstorfi 0.64 (2)

GeoB4216 GeoB4216.txt C.wuellerstorfi 0.64 (2)

GIK12392-1 GIK12392.txt C.wuellerstorfi/ U.hollicki 0.64 (2)
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Site Name File Name Species Offset Comments

GIK13519-1 GIK13519 1.txt C.wuellerstorfi 0.64 (2)

GIK13519-1 GIK13519 2.txt C.wuellerstorfi 0.64 (2) Type at 0.995 m. Redid a linear

interpolation. Data change from

78.24kyr to 73.37kyr

GIK15612 GIK15612.txt C.wuellerstorfi/ U.peregrina 0.64 (2)

GIK15627 GIK15627.txt C.wuellerstorfi 0.64 (2)

GIK15637 GIK15637.txt C.wuellerstorfi/ U.hollicki 0.64 (2)

GIK16772 GIK16772.txt C.wuellerstorfi 0.64 (2)

GIK17049 GIK17049.txt C.wuellerstorfi 0.64 (2)

GIK23414 GIK23414.txt C.wuellerstorfi 0.64 (2)

GIK23415 GIK23415.txt C.wuellerstorfi 0.64 (2)

INMD114 INMD114.txt Uvigerina spp – Age estimate at 3.19m is 0 in

original author file. Corrected to

171.9kyr

LV28-42-4 LV28-42-4.txt Uvigerina spp –

M16772 M16772.txt C.wuellerstorfi 0.64 (2)

M35027 M35027.txt C.wuellerstorfi 0.64 (2)

MD01-2378 MD01-2378 1.txt C.wuellerstorfi 0.64 (2)
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Site Name File Name Species Offset Comments

MD01-2378 MD01-2378 2.txt C.wuellerstorfi 0.64 (2) Repeated ages due to resolution

of the core and rounding errors.

Taken directly from the contrib-

utor

MD01-2415 MD01-2415.txt Uvigerina spp –

MD01-2416 MD01-2416.txt Uvigerina spp –

MD01-2443 MD01-2443 1.txt Not Specified –

MD01-2443 MD01-2443 2.txt Not Specified 0.64 (2) after comparison with

Tzedakis et al. (2009)

MD01-2446 MD01-2446.txt C.wuellerstorfi 0.64 (1)

MD01-2448 MD01-2448.txt C.wuellerstorfi/ Uvigerina spp 0.64 (1)

MD02-2575 MD02-2575 1.txt U.peregrina –

MD02-2575 MD02-2575 2.txt U.peregrina –

MD02-2588 MD02-2588.txt C.wuellerstorfi 0.64 (1)

MD03-2692 MD03-2692.txt Multiple (1)

MD03-2699 MD03-2699.txt Cibicidoides spp/ Uvigerina spp 0.64(1)

MD03-2705 MD03-2705.txt C.wuellerstorfi 0.64(2)

MD04-2881 MD04-2881.txt U.peregrina –

MD05-2920 MD05-2920.txt C.wuellerstorfi/ U.peregrina 0.64 (2)
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MD06-3018 MD06-3018.txt C.wuellerstorfi 0.64 (1)

MD12-3409 MD12-3409.txt C.wuellerstorfi 0.64 (2)

MD95-2042 MD95-2042.txt Multiple – (1)

MD96-2048 MD96-2048.txt C.wuellerstorfi 0.64 (2)

MD96-2080 MD96-2080.txt C.wuellerstorfi 0.64 (2)

MD96-2086 MD96-2086.txt C.wuellerstorfi 0.64 (2)

MD96-2098 MD96-2098.txt C.wuellerstorfi 0.64 (2)

MD97-2120 MD97-2120.txt C.wuellerstorfi 0.64 (1)

MD97-2125 MD97-2125.txt C.wuellerstorfi 0.64 (2)

MV0502-4JC MV0502 1.txt Cibicidoides spp 0.64 (1)

MV0502-4JC MV0502 2.txt Cibicidoides spp 0.64 (1)

MV0502-4JC MV0502 3.txt Cibicidoides spp 0.64 (1)

ODP1011 ODP1011.txt C.wuellerstorfi 0.64 (2)

ODP1014 ODP1014 1.txt Multiple –

ODP1014 ODP1014 2.txt Uvigerina spp – Age reversal in original author

file. Not corrected. My guess is

that they aligned the different

pieces separately causing the age

reversal
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ODP1018 ODP1018.txt Uvigerina spp/ C.wuellerstorfi/

C.pachyderma

0.64 (2)

ODP1019 ODP1019.txt C.wuellerstorfi/ Uvigerina spp (1)

ODP1058 ODP1058.txt C.wuellerstorfi/ U.peregrina 0.64 (2)

ODP1082 ODP1082.txt C.wuellerstorfi 0.64 (2)

ODP1083 ODP1083.txt C.wuellerstorfi 0.64 (2)

ODP1143 ODP1143.txt C.wuellerstorfi/ U.peregrina 0.64 (1)

ODP1146 ODP1146.txt C.wuellerstorfi/ U.peregrina –

ODP1147 ODP1147.txt Multiple (1) Shackleton (1995)

ODP1168 ODP1168.txt C.wuellerstorfi 0.64 (2)

ODP1170 ODP1170.txt C.wuellerstorfi 0.64 (2)

ODP1172 ODP1172.txt C.wuellerstorfi 0.64 (2)

ODP1208 ODP1208.txt C.wuellerstorfi 0.64 (2)

ODP1209 ODP1209.txt C.wuellerstorfi/ U.peregrina –

ODP1236 ODP1236.txt C.wuellerstorfi 0.64 (2)

ODP1237 ODP1237.txt C.wuellerstorfi 0.64 (2) Ash layers

ODP1239 ODP1239.txt C.wuellerstorfi 0.64 (2)

ODP1241 ODP1241 1.txt C.wuellerstorfi 0.64 (2)

ODP1241 ODP1241 2.txt C.wuellerstorfi 0.64 (2)
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ODP723 ODP723.txt Uvigerina excellens –

ODP724 ODP724.txt C.wuellerstorfi/ U.peregrina 0.64 (2)

ODP806 ODP806.txt C.wuellerstorfi –

ODP871 ODP871.txt Uvigerina spp – Typo at 5.2. Corrected to

501.95kyr

ODP926 ODP926.txt C.wuellerstorfi/ C.kullenbergi/

Uvigerina spp

0.64/– Age reversals between 82.85 and

104.08. Do a linear interpolation.

Deviation from original age mod-

els by up to 17kyr

ODP928 ODP928.txt C.wuellerstorfi 0.64 (1)

ODP959 ODP959.txt C.wuellerstorfi 0.64 (2)

ODP978 ODP978.txt C.mundulus/ C.wuellerstorfi 0.64 (2)

ODP980 ODP980.txt C.wuellerstorfi 0.64 (2)

PC-S2 PC-S2.txt C.wuellerstorfi 0.64(2) Age at 0.456m identified as -0.2

in the contributor file. Corrected

to 30.19 by doing a linear interpo-

lation in-between the two other

points

PS2561-2 PS2561-2.txt F. wuellerstorfi 0.64 (2)
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SU92-03 SU92-03.txt C.wuellerstorfi/ U.peregrina –

TR163-31P TR163-31P.txt C.wuellerstorfi 0.64 (2)

TT013-PC18 TT013-PC18.txt C.wuellerstorfi 0.64 (2)

TTN057-6-PC4 TTN057-6-PC4.txt C.wuellerstorfi/ C.kullenbergi 0.64 (2)

U1308 U1308.txt C.wuellerstorfi 0.64 (2)

U1313 U1313 1.txt C.wuellerstorfi 0.64 (1)

U1313 U1313 2.txt C.wuellerstorfi 0.64 (1)

U1313 U1313 3.txt C.wuellerstorfi 0.64 (1)

U1313 U1313 4.txt C.mundulus/ C.wuellerstorfi/

Cibicidoides spp/ Uvigerina spp

0.64 (1)

U1314 U1314 1.txt C.wuellerstorfi (1)

U1314 U1314 2.txt Cibicidoides spp (1)

U1343 U1343 1.txt Multiple (1) Divided into multiple files due to

change in sampling resolution

U1343 U1343 2.txt C.wuellerstorfi 0.64 (1) Divided into multiple files due to

change in sampling resolution

V19-27 V19-27.txt Cibicidoides spp 0.64 (2)

V22-108 V22-108.txt C.wuellerstorfi/ U.peregrina 0.64 (2)

V29-135 V29-135.txt C.wuellerstorfi 0.64 (2)
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V29-202 V29-202.txt Multiple (1)

V30-97 V30-97.txt C.wuellerstorfi/ Uvigerina spp (1)

Y74-2-22PC Y74-2-22PC.txt C.wuellerstorfi 0.64 (2)

MD06-2990 MD06-2990.txt C.wuellerstorfi 0.64(2)

SO136-003 SO136-003.txt C.wuellerstorfi 0.64(2)

MD06-2986 MD06-2986.txt C.wuellerstorfi 0.64(2)
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and reference link).

Site Name File Name Reference Name Reference Link

82-24-23PC 82-24-23PC.txt Sosdian and Rosenthal (2009) doi:10.1126/science.1169938

AII107-131 AII107-131.txt Jones et al. (1984) doi:10.1016/0025-3227(84)90116-6

C9001C C9001C.txt Domituse et al. (2011) doi:10.1127/0078-0421/2011/0007

DSDP214 DSDP214.txt Karas et al. (2009) doi:10.1038/ngeo520

DSDP548 DSDP548.txt Khelifi et al. (2009) doi:10.1130/G30058A.1

DSDP590 DSDP590.txt Karas et al. (2011) doi:10.1016/j.epsl.2010.10.028

DSDP593 DSDP593.txt Cooke et al. (2008) doi:10.1080/00288300809509846

DSDP594 DSDP594.txt Dudley et al. (1994), Nelson et al. (1993) doi:10.1016/0377-8398(94)90008-6;

doi:10.1029/93PA01162

DSDP607 DSDP607.txt Sosdian and Rosenthal (2009) doi:10.1126/science.1169938

ELT49.019-PC ELT49.019-PC.txt Charles et al. (1991) doi:10.1029/91PA02477

EW9209-1JPC EW9209-1JPC.txt Curry et al. (1999) doi:10.1029/GM112p0059

EW9209-2JPC EW9209-2JPC.txt Curry et al. (1999) doi:10.1029/GM112p0059

EW9209-3JPC EW9209-3JPC.txt Curry et al. (1999) doi:10.1029/GM112p0059

EW9504-02 EW9504-02.txt Stott et al. (2000) doi:10.1029/1999PA000375

EW9504-03 EW9504-03.txt Stott et al. (2000) doi:10.1029/1999PA000375

EW9504-04 EW9504-04.txt Stott et al. (2000) doi:10.1029/1999PA000375

EW9504-05 EW9504-05.txt Stott et al. (2000) doi:10.1029/1999PA000375
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EW9504-08 EW9504-08.txt Stott et al. (2000) doi:10.1029/1999PA000375

EW9504-09 EW9504-09.txt Stott et al. (2000) doi:10.1029/1999PA000375

GeoB1112 GeoB1112.txt Bickert and Wefer (1996), Mackensen and Bickert

(1999)

doi:10.1007/978-3-642-80353-6 30;

doi:10.1007/978-3-642-58646-0 9

GeoB1118 GeoB1118.txt Bickert and Wefer (1996), Mackensen and Bickert

(1999)

doi:10.1007/978-3-642-80353-6 30;

doi:10.1007/978-3-642-58646-0 9

GeoB1710 GeoB1710.txt Schmiedl and Mackensen (1997) doi:10.1016/S0031-0182(96)00137-X

GeoB3004 GeoB3004.txt Schmiedl and Mackensen (2006) doi:10.1029/2006PA001284

GeoB3327-5 GeoB3327.txt Ho et al. (2012) doi:10.1029/2012PA002317

GeoB3388-1 GeoB3388.txt Mohtadi et al. (2006) doi:10.1029/2005PA001190

GeoB3935 GeoB3935.txt Schlunz et al. (2000) doi:10.1016/S0967-0637(99)00076-X

GeoB3938 GeoB3938.txt Schlunz et al. (2000) doi:10.1016/S0967-0637(99)00076-X

GeoB4216 GeoB4216.txt Freudenthal et al. (2002) doi:10.1016/S0967-0645(02)00101-7

GIK12392-1 GIK12392.txt Zahn et al. (1986) doi:10.1029/PA001i001p00027

GIK13519-1 GIK13519 1.txt Sarnthein et al. (1984) doi:10.1594/PANGAEA.548488

GIK13519-1 GIK13519 2.txt Zahn et al. (1986) doi:10.1029/PA001i001p00027

GIK15612 GIK15612.txt Sarnthein et al. (1994) doi:10.1029/93PA03301

GIK15627 GIK15627.txt Sarnthein et al. (1994) doi:10.1029/93PA03301

GIK15637 GIK15637.txt Sarnthein et al. (1994) doi:10.1029/93PA03301
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GIK16772 GIK16772.txt Sarnthein et al. (1994) doi:10.1029/93PA03301

GIK17049 GIK17049.txt Jung (1996), Trauth (1995), Sarnthein et al. (1994) doi:10.2312/reports-sfb313.1996.61;

doi:10.2312/reports-gpi.1995.74;

doi:10.1029/93PA03301

GIK23414 GIK23414.txt Jung (1996) doi:10.2312/reports-sfb313.1996.61

GIK23415 GIK23415.txt Jung (1996) doi:10.2312/reports-sfb313.1996.61

INMD114 INMD114.txt Lyle et al. (2002) doi:10.1029/2000PA000538

LV28-42-4 LV28-42-4.txt Nurnberg and Tiedemann (2004) doi:10.1029/2004PA001023

M16772 M16772.txt Martin et al. (2002) doi:10.1016/S0012-821X(02)00472-7

M35027 M35027.txt Hüls (2000) http://hdl.handle.net/10068/254146

MD01-2378 MD01-2378 1.txt Holbourn et al. (2005) doi:10.1029/2004PA001094

MD01-2378 MD01-2378 2.txt Dürkop et al. (2008) doi:10.1016/j.marmicro.2007.10.002

MD01-2415 MD01-2415.txt Nurnberg and Tiedemann (2004) doi:10.1029/2004PA001023

MD01-2416 MD01-2416.txt Gebhardt et al. (2008) doi:10.1029/2007PA001513

MD01-2443 MD01-2443 1.txt Tzedakis et al. (2009) doi:10.1016/j.epsl.2008.10.027

MD01-2443 MD01-2443 2.txt Hodell et al. (2013), de Abreu et al. (2005), Martrat

et al. (2007)

doi:10.1002/palo.20017;

doi:10.1029/2004PA001091;

doi:10.1126/science.1139994

MD01-2446 MD01-2446.txt Voekler et al. (2010) doi:10.5194/cp-6-531-2010
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MD01-2448 MD01-2448.txt Toucanne et al. (2009) doi:10.1016/j.quascirev.2009.01.006

MD02-2575 MD02-2575 1.txt Ziegler et al. (2008) doi:10.1038/ngeo277

MD02-2575 MD02-2575 2.txt Nurnberg et al. (2008) doi:10.1016/j.epsl.2008.04.051

MD02-2588 MD02-2588.txt Ziegler et al. (2013) doi:10.1038/ngeo1782

MD03-2692 MD03-2692.txt Toucanne et al.(2008, 2010), Toucanne et al.

(2009b), Penaud et al. (2008, 2009), Eynaud et

al. (2007), Zaragosi et al. (2006), Mojtahid et al.

(2005)

doi:10.1016/j.margeo.2007.08.006;

doi:10.1016/j.epsl.2009.12.050;

doi:10.1016/j.quascirev.2009.08.003;

doi:10.1016/j.marmicro.2008.01.007;

doi:10.1016/j.palaeo.2009.07.012;

doi:10.1029/2006GC001496; doi:10.1007/s00367-

006-0048-9; doi:10.1016/j.margeo.2005.07.007

MD03-2699 MD03-2699.txt Voekler et al. (2010) doi:10.5194/cp-6-531-2010

MD03-2705 MD03-2705.txt Malaize et al. (2012) doi:10.1016/j.yqres.2011.09.010

MD04-2881 MD04-2881.txt Ziegler et al. (2010) doi:10.5194/cp-6-63-2010

MD05-2920 MD05-2920.txt Tachikawa et al. (2011) doi:10.1016/j.quascirev.2011.09.016

MD06-3018 MD06-3018.txt Russon et al. (2009) doi:10.1029/2009PA001755

MD12-3409 MD12-3409.txt Casse et al. (2015) http://adsabs.harvard.edu/abs/2015EGUGA..17.5920C

MD95-2042 MD95-2042.txt Martrat et al. (2007), Shackleton et al. (2000) doi:10.1126/science.1139994;

doi:10.1029/2000PA000513
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MD96-2048 MD96-2048.txt Caley et al. (2011) doi:10.5194/cp-7-1285-2011

MD96-2080 MD96-2080.txt Rau et al. (2002) doi:10.1016/S0025-3227(01)00213-4

MD96-2086 MD96-2086.txt Pichevin et al. (2005) doi:10.1016/j.margeo.2005.04.003

MD96-2098 MD96-2098.txt Pichevin et al. (2005) doi:10.1016/j.margeo.2005.04.003

MD97-2120 MD97-2120.txt Pahnke and Zahn (2005) doi:10.1126/science.1102163

MD97-2125 MD97-2125.txt Tachikawa et al. (2009) doi:10.1016/j.quascirev.2008.12.013

MV0502-4JC MV0502 1.txt Waddell et al. (2009) doi:10.1029/2008PA001661

MV0502-4JC MV0502 2.txt Waddell et al. (2009) doi:10.1029/2008PA001661

MV0502-4JC MV0502 3.txt Waddell et al. (2009) doi:10.1029/2008PA001661

ODP1011 ODP1011.txt Andreasen et al. (2000) doi:10.2973/odp.proc.sr.167.225.2000

ODP1014 ODP1014 1.txt deMenocal and Baker (2000) doi:10.2973/odp.proc.sr.167.202.2000

ODP1014 ODP1014 2.txt Hendy and Kennett (2000) doi:10.2973/odp.proc.sr.167.205.2000

ODP1018 ODP1018.txt Andreasen et al. (2000) doi:10.2973/odp.proc.sr.167.225.2000

ODP1019 ODP1019.txt Lyle et al. (2000) doi:10.2973/odp.proc.sr.167.214.2000

ODP1058 ODP1058.txt Bahr et al. (2013) doi:10.1016/j.gloplacha.2013.08.013

ODP1082 ODP1082.txt Dupont et al. (2005) doi:10.1130/G21401.1

ODP1083 ODP1083.txt Dupont et al. (2005) doi:10.1130/G21401.1

ODP1143 ODP1143.txt Cheng et al. (2004) doi:10.2973/odp.proc.sr.184.221.2004

ODP1146 ODP1146.txt Clemens et al. (2008) doi:10.1029/2008PA001638
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ODP1147 ODP1147.txt Cheng et al. (2004) doi:10.2973/odp.proc.sr.184.221.2004

ODP1168 ODP1168.txt Nuernberg et al. (2004) doi:10.1029/151GM17

ODP1170 ODP1170.txt Nuernberg et al. (2004) doi:10.1029/151GM17

ODP1172 ODP1172.txt Nuernberg et al. (2004) doi:10.1029/151GM17

ODP1208 ODP1208.txt Venti and Billups (2012) doi:10.1016/j.palaeo.2012.02.001

ODP1209 ODP1209.txt Bordiga et al. (2013) doi:10.1016/j.palaeo.2012.12.021

ODP1236 ODP1236.txt Tiedemann et al. (2007) doi:10.2973/odp.proc.sr.202.210.2007

ODP1237 ODP1237.txt Tiedemann et al. (2007) doi:10.2973/odp.proc.sr.202.210.2007

ODP1239 ODP1239.txt Tiedemann et al. (2007) doi:10.2973/odp.proc.sr.202.210.2007

ODP1241 ODP1241 1.txt Lalicata and Lea (2011) doi:10.1016/j.marmicro.2011.01.002

ODP1241 ODP1241 2.txt Tiedemann et al. (2007) doi:10.2973/odp.proc.sr.202.210.2007

ODP723 ODP723.txt Niitsuma et al. (1991) doi:10.2973/odp.proc.sr.117.168.1991

ODP724 ODP724.txt Zahn and Pedersen (1991) doi:10.2973/odp.proc.sr.117.162.1991

ODP806 ODP806.txt Lea et al. (2000) doi:10.1126/science.289.5485.1719

ODP871 ODP871.txt Dyez and Ravelo (2013) doi:10.1130/G33425.1

ODP926 ODP926.txt Franz (1999), Lisiecki et al. (2008) doi:10.3289/GEOMAR Report 084 1999;

doi:10.1038/nature07425

ODP928 ODP928.txt Lisiecki et al. (2008) doi:10.1038/nature07425

ODP959 ODP959.txt Giresse et al. (1998) doi:10.2973/odp.proc.sr.159.041.1998
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ODP978 ODP978.txt Khelifi et al. (2009) doi:10.1130/G30058A.1

ODP980 ODP980.txt Oppo et al. (2006) doi:10.1016/j.quascirev.2006.07.006

PC-S2 PC-S2.txt Yamane (2003) doi:10.1016/S0377-8398(03)00017-3

PS2561-2 PS2561-2.txt Krueger et al. (2012) doi:10.1016/j.gloplacha.2011.10.001

SU92-03 SU92-03.txt Salgueiro et al. (2010) doi:10.1016/j.quascirev.2009.11.013

TR163-31P TR163-31P.txt Martin et al. (2002) doi:10.1016/S0012-821X(02)00472-7

TT013-PC18 TT013-PC18.txt Murray et al. (2000) doi:10.1029/1999PA000457

TTN057-6-PC4 TTN057-6-PC4.txt Hodell et al. (2003) doi:10.2973/odp.proc.sr.177.120.2003

U1308 U1308.txt Hodell ey al. (2008) doi:10.1029/2008PA001591

U1313 U1313 1.txt Bolton et al. (2010) doi:10.1029/2010PA001951

U1313 U1313 2.txt Ferretti et al. (2010) doi:10.1016/j.epsl.2010.02.016

U1313 U1313 3.txt Naafs et al. (2011) doi:10.1029/2011PA002135

U1313 U1313 4.txt Voelker et al. (2010) doi:10.5194/cp-6-531-2010

U1314 U1314 1.txt Alonso-Garcia et al. (2011) doi:10.1016/j.palaeo.2011.09.004

U1314 U1314 2.txt Hernandez-Almeida et al. (2012) doi:10.1029/2011PA002209

U1343 U1343 1.txt Asahi et al. (2014) doi:10.1016/j.dsr2.2014.01.004

U1343 U1343 2.txt Asahi et al. (2014) doi:10.1016/j.dsr2.2014.01.004

V19-27 V19-27.txt Mix et al. (1991) doi:10.1029/90PA02303

V22-108 V22-108.txt Charles et al. (1991) doi:10.1029/91PA02477
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V29-135 V29-135.txt Sarnthein et al. (1994) doi:10.1029/93PA03301

V29-202 V29-202.txt Oppo and Lehman (1995) doi:10.1029/95PA02089

V30-97 V30-97.txt McIntyre et al. (1989), Imbrie et al. (1989), Imbrie

et al. (1992)

doi:10.1029/PA004i001p00019; doi:10.1007/978-94-

009-2446-8 7; doi:10.1029/92PA02253

Y74-2-22PC Y74-2-22PC.txt Lyle et al. (2000) doi:10.2973/odp.proc.sr.167.214.2000

MD06-2990 MD06-2990.txt Ronge et al. (2015) doi:10.1002/2014PA002727

SO136-003 SO136-003.txt Ronge et al. (2015) doi:10.1002/2014PA002727

MD06-2986 MD06-2986.txt Ronge et al. (2015) doi:10.1002/2014PA002727
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Middle-late Pleistocene deep water circulation in the southwest subtropical
Pacific. Paleoceanography, 24(4):PA4205, 2009.
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canne, Benjamin Denhard, Aurélie Van Toer, and Valentine Lanfumey. The
impact of the last European deglaciation on the deep-sea turbidite systems of
the Celtic-Armorican margin (Bay of Biscay). Geo-Marine Letters, 26(6):317–
329, November 2006.

[212] Paul Zarchan and Howard Musoff. Fundamentals Of Kalman Filtering. A
Practical Approach. Aiaa, April 2005.



183

[213] Meixun Zhao, Chi-Yue Huang, Chia-Chun Wang, and Ganjian Wei. A
millennial-scale UK′

37 sea-surface temperature record from the South China Sea
(8◦N) over the last 150 kyr: Monsoon and sea-level influence. Palaeogeography,
Palaeoclimatology, Palaeoecology, 236(1–2):39–55, 2006.

[214] M Ziegler, L J Lourens, E Tuenter, and G J Reichart. High Arabian Sea produc-
tivity conditions during MIS 13 - odd monsoon event or intensified overturning
circulation at the end of the Mid-Pleistocene transition? Climate of the Past,
6(1):63–76, 2010.

[215] Martin Ziegler, Paula Diz, Ian R Hall, and Rainer Zahn. Millennial-scale
changes in atmospheric CO2 levels linked to the Southern Ocean carbon isotope
gradient and dust flux. Nature Geoscience, 6(6):457–461, April 2013.

[216] Martin Ziegler, Dirk Nurnberg, Cyrus Karas, Ralf Tiedemann, and Lucas J
Lourens. Persistent summer expansion of the Atlantic Warm Pool during
glacial abrupt cold events. Nature Geoscience, 1(9):601–605, August 2008.

[217] Walter Zucchini and Peter Guttorp. A Hidden Markov Model for Space-Time
Precipitation. Water Resources Research, 27(8):1917–1923, 1991.


