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Abstract Unsupervised machine learning methods were
applied on multivariate geophysical and geochemical
datasets of ocean floor sediment cores collected from the
South China Sea. The well-preserved and continuous core
samples comprising high resolution Cenozoic sediment
records enable scientists to carry out paleoenvironment
studies in detail. Bayesian age-depth chronological models
constructed from biostratigraphic control points for the
drilling sites are applied on cluster boundaries generated
from two popular unsupervised learning methods: K-
means and random forest. The unsupervised learning
methods experimented have produced compact and
unambiguous clusters from the datasets, indicating that
previously unknown data patterns can be revealed when all
variables from the datasets are taken into account
simultaneously. A study of synchroneity of past events
represented by the cluster boundaries across geographi-
cally separated ocean drilling sites is achieved through
converting the fixed depths of cluster boundaries into
chronological ranges represented by Gaussian density
plots which are then compared with known past events in
the region. A Gaussian density peak at around 7.2 Ma has
been identified from results of all three sites and it is
suggested to coincide with the initiation of the East Asian
monsoon. Contrary to traditional statistical approach, a
priori assumptions are not required for unsupervised
learning, and the clustering results serve as a novel data-
driven proxy for studying the complex and dynamic
processes of the paleoenvironment surrounding the ocean
sediment. This work serves as a pioneering approach to
extract valuable information of regional events and opens
up a systematic and objective way to study the vast global
ocean sediment datasets.

Keywords machine learning, ocean sediments, unsuper-
vised classification

1 Introduction

Since the initiation of scientific ocean drilling projects,
attempts have been made to identify global events recorded
in changes in ocean sediment characteristics such as
sedimentation rates (Whitman and Davies, 1979; Nakamori,
2001). Geophysical and geochemical datasets obtained from
ocean sediment cores have been studied in detail to
characterize paleoenvironmental conditions of the Earth
and numerous attempts were made to infer regional or global
event signals from such datasets (Birks, 1989; Alley et al.,
1997; Bennett and Fuller, 2002). Traditionally in the study of
ocean drill datasets, past events are identified through
laborious analyses of a few variables such as oxygen
isotopes, carbonate contents, microfossil counts and sedi-
mentation rates (Wang et al., 2000). Based on experience and
intuition, experts examine a geochronological plot for the
selected few data series to determine the class membership of
datapoints in order to identify potential signals of global and
regional events (Penn, 2005).
A common difficulty in the process is the correlation of

datasets obtained across different sites and the establish-
ment of synchroneity of events recognised in two or more
geographically separated stratigraphic records (Parnell
et al., 2008). A past event is defined in this study as a
single depth in the core samples corresponding to one or
more spatial-temporal processes relating to the formation
of the sediments (Parnell et al., 2008).
Like all other branches of the natural sciences, the

availability of large datasets in earth science research has
become ubiquitous (Wolfe, 2013; Philip Chen and Zhang,
2014). Williams (2011) argued that with advancement in
information technology, the computation and observation
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of Earth’s processes will result in an exponential growth in
the data generated. Traditional methods based on manual
interpretation of data will not be able to cope with such
massive collections of scientific data (Way et al., 2012). An
increasing number of applications based on sophisticated
computational algorithms has emerged in the past decade
in earth sciences (Weisberg, 2005; Lary et al., 2016; Liu
and Srivastava et al., 2017; Pham et al., 2016; Pham et al.,
2017) to extract key features and characteristic patterns of
variability from large datasets.
Machine learning (ML), also known as statistical

learning, is an effective approach for classification. ML
methods are further divided into two main categories,
namely supervised learning consisting of knowledge-
driven methodologies (Murphy, 2012) and unsupervised
learning comprising data-driven approaches (Kohonen,
2001; Cracknell et al., 2014; Tse el al., 2019;). Unsuper-
vised learning algorithms analyze the underlying nature of
relationships among the data (Lary et al., 2016) in a purely
statistical way and have already proven their ability in
carrying out classification tasks in physical science
disciplines such as astronomy (Way et al., 2012). The
objective of this paper is to develop a data-driven
methodology to study synchroneity of past events from
scientific ocean drilling data.

2 Data

The Ocean Drilling Program (ODP) was an international
scientific endeavour started in the 1970s to explore the
world’s oceans by drilling and collecting drill cores for
scientific analyses. A vast amount of high quality
geophysical and geochemical data has been extracted
from hundreds of kilometers of sediment cores obtained
from worldwide expeditions. The program was later
succeeded by the Integrated Ocean Drilling Program
(IODP) in 2003. Texas A&M University (TAMU) has
been managing the ODP/IODP core database since 1984
and most multivariate datasets from the expeditions are
made available for public online access at the JANUS
database website. The reliability and integrity of the ODP/
IODP datasets are widely acknowledged in the scientific
community by the significant amount of research output
derived from these data. The online availability of these
data has opened up opportunities for exploratory data
analysis with MLmethods to reveal information difficult to
be discovered with traditional techniques.
The datasets chosen in this study are extracted from

three ODP sites 1143, 1146 and 1148 located in the South
China Sea (SCS) belonging to expedition leg 184 drilled
between February and April of 1999. The SCS sites are
chosen for exploratory data analysis by unsupervised
learning methods owing to their exceptional continuity of
depth and age of the core samples (Exp. 349 scientists,
2014). Supervised learning methods have previously been
applied on the datasets for inferring lithology of missing
core sections (Benaouda et al., 1999) but unsupervised
methods are only recently been applied on the datasets (Tse
et al., 2019). Locations of the SCS ODP sites are shown in
Table 1 summaries some of their key information.
Site 1143 lies near Nansha Islands on the southern

continental slope of the SCS between the terrigenous
deposits of the Mekong Rivers to the south with a high-
sedimentation rate (10–30 cm/ky) and carbonate-rich
region of the northernmost southern margin with low
sedimentation rate (1–2 cm/ky) (Huang and Wang, 1998).
Site 1146 is located at the northeastern continental slope of
the SCS and Site 1148 is located on the lowermost
continental slope near the continent-ocean crust boundary
off southern China (Wang et al., 2000). The sedimentary
sequence at site 1148 goes back to the Lower Oligocene
including the initiation of sea floor spreading of the SCS
(Wang et al., 2000).
As summarised in Table 2, datasets from the selected

ODP sites including Moisture and Density (MAD), Gamma
Ray Attenuation (GRA), Natural Gamma Radiation
(NGR), Magnetic Susceptibility (MSL), Reflective Spec-
trophotometry and Colorimetry (RSC), Smear Slide,
Carbonate, Gas Chromatography and Interstitial Water
have been downloaded from the Janus online database and
thirty geophysical and geochemical variables are extracted
from these datasets in this study. The mcd (metre composite
depth) depth scale is used consistently in this study for all
age-depth relationship in the datasets for each site. The mcd
scale is constructed based on stratigraphical correlation of
data such as L* (lightness) associated with the recovered
cores from multiple holes of the same site. The scale allows
the data points from different holes in the same site to be
combined seamlessly along the vertical depth scale.

3 Methods

3.1 Past events

In this study, a past event is defined as a single depth in the
core sample corresponding to a single point in time. It is

Table 1 Summary of ODP Leg 184 sites selected in this study

Site (Hole) Water depth/m Latitude Longitude Penetration/mbsf Age at Base/Ma Reference

1143A 2772 9°21.72′N 113°17.11′W 394 16 Wang et al. (2000)

1146A 2092 19°27.401′N 116°16.363′E 607 19 Wang et al. (2000)

1148A 3292 18°50.167′N 116°33.932′E 694 32 Wang et al. (2000)
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designated to be a point of transition (not necessarily rapid)
between one stable paleoenvironment to another, as
reflected by the geophysical and geochemical observables
on two successive samples. Events are recorded in the core
samples and the major challenge is to determine precisely
the depths of such event and also the ages associated with
such depths. The event/depth relationship can be tackled
with a Bayesian approach to address the underlying
stochastic noise in the process. An event could be
associated with more than one type of underlying physical
or chemical process contributed by regional and global
factors.
Suppose the collected geophysical and geochemical

variables are constituents of an observed paleoenvironment
proxy p , reflecting a conceptual unobserved p rising from
pmin to pmax, or vice versa. A crude but simple approach is
adopted in which two depths dmin and dmax above and
below the event depth devent are defined respectively
(Parnell et al., 2008). In a Bayesian approach, the
probability of the exact location of devent is evenly
distributed between the interval defined by dmin and
dmax. The precision of the devent depends on the sampling
interval, core sizes, rapidity of the event and noise in the
proxy p.

3.2 Age-depth model

Two major uncertainties arise when determining the exact
age of a past event. The first is the uncertainty in deciding
on the depth position of the event and the second is the
uncertainty in the age associated with this particular depth.
The Bayesian age-depth model has become increasingly
popular as a statistical tool to tackle the uncertainties and
establish the synchroneity of two past events observed in
two geographically separated sites (Parnell et al., 2008).
The key feature in building any age-depth chronology is

monotonicity which is based on the principle that older
sediments always lie beneath more recent ones. Traditional
age-depth relationships are established through specific
markers obtained in biostratigraphic and magnetostrati-
graphic studies (Isabella et al., 2006). Uncertainties arise in

the calibration of these markers and in the stochastic
interpolation between these markers when no age markers
are present. A Bayesian age-depth chronology is a
continuous random function �ðdÞ consistent with all
available age data. The generated age-depth model is
able to accommodate flat or very steep sections while
maintaining monotonicity and continuity at all parts of the
curve (Haslett and Parnell, 2008).
Suppose three core samples with depths d1, d2, d3 are

associated with age markers with ages t1, t2, t3. The ages
are modelled as normal distributions N(t1, s1), N(t2, s2),
N(t3, s3) where s1, s2, s3 are standard deviations for these
ages. A simple Monte Carlo process can greatly reduce the
uncertainties of t1, t2, t3 in the age-depth chronology by
adopting a stochastic linear interpolation to go through all
possible depth ranges of dated core samples and express all
the information in the form of confidence levels (Parnell
et al., 2008). The Bayesian way of treating the age-depth
profile is regarded as an example of a partially determi-
nistic Markov process (Davis, 1984). In this process, the
observed data is treated as a basis to generate random
sample paths with likelihood computations (Haslett and
Parnell, 2008). A robust method based on Poisson-gamma
(CPG) and Treedie distributions (Jorgensen, 1987) is
adopted in this study to establish the Bayesian age-depth
chronology.
Figures 1–3 illustrate the Bayesian age-depth chronol-

ogy for sites 1143, 1146, and 1148, respectively. Instead of
a simple polynomial regression of the age control points,
the Bayesian age chronology produced a 95% highest
posterior density region. They are established with the
biostratigraphic control markers listed in Tables A1, A2,
and A3. The different thickness of core samples associated
with each marker is also incorporated in the generation of
the age-depth model.

3.3 Unsupervised classification

Unsupervised learning, also known as clustering, is a
branch of machine learning which has been widely used in
exploratory data analysis. The method identifies homo-

Table 2 Summary of input datasets including 30 geophysical and geochemical variables from the ODP sites

Dataset Type Extracted Variables

Moisture and Density Geophysical water content (bulk), water content (dry), bulk density, dry density, grain
density, porosity, void ratio

Gamma Ray Attenuation Geophysical density

Natural Gamma Radiation Geophysical bkg corrected counts

Magnetic Susceptibility Geophysical Drift-corrected suscept.

Reflectance Spectrophotometry and Colorimetry Geophysical L*, a*, b*

Smear Slide Geophysical sand, silt, clay

Carbonate Geochemical inorganic carbon, carbonate, total carbon, organic carbon, nitrogen, sulphur

Gas Chromatography Geochemical methane

Interstitial Water Geochemical ammonia, calcium, chloride, lithium, magnesium, phosphorus, phosphate
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geneous groups (clusters) of data by applying a pre-defined
criteria of similarity in the form of a distance metrics
(Murphy, 2012; Romary et al., 2015). In this study, two
well-tested unsupervised learning methods, K-means and
random forest, are used to find a function f : RN ! RK that
maps an input vector xi to a new feature vector of K

clusters. Euclidean distance, d ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiP

i¼1ðxi – xiþ1Þ2
q

, a

common distance metric for measuring similarity (Sam-

mon, 1969; Kohonen, 2001; Singh et al., 2013) in
unsupervised learning, is used in this study. Unlike
supervised learning, there is no a priori information
assumed in the input data and no predicted values are to
be produced.
Unsupervised classification has been successfully

applied in exploratory data analysis for discovering
“interesting patterns” in the data itself, and the results
can potentially lead to new research questions (Jain, 2010;
Hennig, 2016). For example, in astronomy, a new type of
star was discovered based purely on clustering astrophy-
sical measurements (Cheeseman et al., 1988). Clustering
methods aim at identifying data structure in either labeled
or unlabeled datasets by organizing data objectively into
homogeneous groups in which the within-group similarity
is minimized and between group dissimilarity is max-
imized (Liao, 2005). One advantage of this approach over
manual classification is that an objective statistical
significance is established within large datasets while
overall coherence of the resulting classes is maintained
(Romary et al., 2015).

3.3.1 K-means

The K-means clustering algorithm is one of the most
popular unsupervised learning method to solve clustering
problems (MacQueen, 1967; Chauhan et al., 2016). The K-
means is a subset of Self Organizing Map with particular
choice of parameters (Liu and Weisberg, 2011). As a
partitioning method, the number of clusters, k, is pre-
determined and data is decomposed into a set of k non-
overlapping clusters by initializing k centroids and then

Fig. 1 Bayesian Age Chronology Plot of Site 1143. Red shaded
area represents 95% highest poterior density regions (HDR)
(Parnell et al., 2008), indicating the uncertainty of the ages
between the dated depths of the control markers.

Fig. 2 Bayesian Age Chronology Plot of Site 1146. Red shaded
area represents 95% highest poterior density regions (HDR)
(Parnell et al., 2008), indicating the uncertainty of the ages
between the dated depths of the control markers.

Fig. 3 Bayesian Age Chronology Plot of Site 1148. Red shaded
area represents 95% highest poterior density regions (HDR)
(Parnell et al., 2008), indicating the uncertainty of the ages
between the dated depths of the control markers.
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refining the cluster centers by iteration (Chauhan et al.,
2016). The clusters formed are also known as disjoint
clusters, meaning that each data point is in exactly one
subset cluster (MacQueen, 1967). The method is capable
of handling large datasets with continuous data provided
that no non-convex clusters are present (Kabacoff, 2015).
Given an integer k, as a set X of n points (where n≥k) in

an m-dimensional Euclidean space, where
X ¼ ½xi ¼ ðxi1 ,:::ximÞT 2 Rm,i ¼ 1,:::,n� , the objective

is to assign the n points into k disjoint clusters
C ¼ ðC1, � � � ,CkÞ, Ck \ Ck

0 ¼ f centered at cluster means
µj for j = 1,...,k, based on the initial conditions. K-means
seeks a clustering result where within-cluster variation
W(Ck) is a minimum in Eq. (1). A common choice of
W(Ck) is the Euclidean distance:

W ðCkÞ ¼
X

i,i
0 2Ck

Xk

j¼1
ðxi,j –�i

0
jÞ2: (1)

K-means has the advantage of being easy to implement
and relatively simple to visualize the result. The number of
clusters is required to be specified beforehand. A common
method to determine the right number of clusters is by
plotting the sum of within-cluster variance against number
of clusters as shown in Fig. 4. The initial choice of cluster
centers will also influence the clustering results and their
subsequent convergence into local minima.

3.3.2 Random Forest

Random Forest (RF) is an ensemble method that utilizes a
majority vote to predict classes based on the partition of
data from multiple decision trees. Multiple trees are grown
by randomly subsetting a number of variables to split at
each node of the decision trees and by bagging (Breiman,
2001). RF implements the Gini index obtained from Eq.
(2) to determine the “best split” threshold of input values
(pi stands for the probability of class i at node nc) for given
classes.

G ¼
Xnc

i¼1
pið1 – piÞ: (2)

The Gini index returns a measure of class heterogeneity
within child nodes as compared to the parent node
(Breiman, 1984). Instead of using the Euclidean distance
metric used in this study, a distance measure based on the
proximity of the RF algorithm is used (Breiman, 2001).
Successful applications of RF in different fields of
geosciences have been demonstrated (Cracknell et al.,
2014; Goetz et al., 2015; Insua et al., 2015).

3.4 Data pipeline

A data pipeline is constructed to process the datasets for
the unsupervised learning study as shown in Fig. 5. Values
of thirty geophysical and geochemical variables are first
extracted from each of the three chosen OPD sites and
combined as a single datacube for each site. No outliers are
discarded in the process and the resolution of the data is
chosen to be no smaller than the length of a core sample.
The datacube for each site is then processed by the two
chosen machine learning algorithms to form data clusters
for each site. The number of clusters chosen was based on
the within-group variance shown on Fig. 4 and a balance is
struck between minimizing total variance and the ease of
visualization for the clustering results. Six clusters are
generated for each of the unsupervised learning methods
on the three datacubes, resulting in a minimum of five
cluster boundaries for each site. The cluster boundaries for
each datacube are then converted into Bayesian chron-
ological ranges based on the site-specific Bayesian age-
depth profiles illustrated in Figs. 1–3. A total of six sets of
these cluster boundaries (3 from K-means and 3 from RF)
are converted into depth ranges which are statistically
bounded, allowing a study of their synchroneity across the
three different ODP sites to be made. A mixed Gaussian
density plot for these depth ranges representing the
underlying cluster boundaries is produced for each site
for both unsupervised learning methods.

4 Results

Unsupervised clustering results are shown in Figs. 6–8 for
K-means and RF on the combined datacube of thirty
variables from the three selected ODP sites in the SCS.
Data points are plotted with their depths in mcd (meters
composite depth) against their assigned cluster class. Each
data point corresponds to a multi-variate observation in the
synthetic dataset and the compact and connected clusters
are observed for the results obtained by both methods.
Unsupervised learning algorithms have successfully parti-
tioned the data into unambiguous clusters segments and the
overlapping of clusters is insignificant.
Results from both methods for site 1143 are shown in

Fig. 6 and the clusters are observed to be distributed quite

Fig. 4 Total within-groups sums of squares against the number
of clusters.
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evenly along the depth scale. It should be noted that the
assignment of class number is arbitrary for the different
machine learning methods. The same data point at a
particular depth may not be assigned the same class
number by K-means and RF. Only the boundaries between
different classes or clusters are the focus of this study.
Significant agreement by both methods is observed on

cluster boundaries at 299.0–307.1 (mcd) and 367.7–375.8
(mcd). The cluster boundary is expressed as a depth range
rather than a single point in depth since each core sample
has a finite length. Tables 3 and 4 are shown for the
corresponding chronological age ranges converted from
the cluster boundaries obtained by the two unsupervised
learning methods. The Bayesian chronological ranges are
obtained by applying the Bayesian age chronology of Site
1143 shown on Fig. 1.
Figure 7 displays the results for site 1146 and it is

observed that both methods agree quite well with each
other in the classification experiment except for cluster
boundary at 78.8–88.8 (mcd) obtained by K-means and
cluster boundary at 454.5–460.6 (mcd) by RF. Tables 5 and
6 list the chronological age ranges obtained by K-means
and RF for the cluster boundaries. The corresponding

Fig. 5 Unsupervised machine learning pipeline for ODP datasets.

Fig. 6 Data clusters assigned by class numbers 1 to 6 by K-means (left) and RF (right) for ODP site 1143A. Each data point is only
assigned one class and the class number is arbitrary for the two adopted unsupervised classification methods. (a) 1143A K-means
(b) 1143A RF.

Table 3 K-means class boundaries and Bayesian chronological ranges
for site 1143 (Li et al., 2004)
Cluster boundary (mcd) Bayesian chronological range/Ma

36.4–40.4 0.3–1.6

105.1–109.1 1.5–2.1

189.9–193.9 3.1–5.0

299.0–303.0 6.5–7.7

371.7–375.8 7.0–8.2
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Bayesian chronological ranges are obtained by applying
the Bayesian age chronology of site 1146 shown on Fig. 2.
Compact and connected clusters are produced from both

methods with no overlapping of clusters as before for
results from site 1148 as shown in Fig. 8. Agreement of
cluster boundaries by both methods is still very good,
noticeably at 55.7–58.6 (mcd), 93.7–99.6 (mcd) and
216.8–219.7 (mcd). Tables 7 and 8 are shown for the
chronological age ranges obtained by K-means and RF
respectively. The corresponding Bayesian chronological

ranges are obtained by applying the Bayesian age
chronology of Site 1148 shown on Fig. 3.
Figure 9 shows the density plot of Bayesian chronolo-

gical ranges obtained by the two methods on the cluster
boundaries for site 1143. Both plots display a total of three
major peaks although the RF plot has a minor peak located
before 6 Ma. The peaks of the density plot indicate a higher
probability of the cluster boundary being located at the
particular age. A sharper peak is resulted from a narrower
portion of the underlying Bayesian age chronology while a
broader peak is produced from a less certain part of the
Bayesian age-depth profile. The first two peaks obtained
by both methods are observed to be occurring before 5 Ma
although K-means provides more spaced peaks and the
peaks for RF are closer. The peak at around 7.5 Ma is very
sharp for both method at site 1143.
More peaks are observed in Fig. 10 for both methods for

1146. Both K-means and RF yield three peaks before 8 Ma.
K-means shows a peak between 12–14 Ma while RF yields
two peaks at around 11Ma and 14Ma. The general pattern of
peaks indicates a good agreement between the two methods.

Fig. 7 Data clusters assigned by class numbers 1 to 6 by K-means (left) and RF (right) for ODP site 1146A. Each data point is only
assigned one class and the class number is arbitrary for the two adopted unsupervised classification methods. (a) 1146A K-means;
(b) 1146A RF.

Table 4 RF class boundaries and Bayesian chronological ranges for
site 1143 (Li et al., 2004)
Cluster boundary (mcd) Bayesian chronological range/Ma

44.4–48.5 0.3–1.6

125.3–129.3 2.0–4.0

218.2–222.2 5.5–5.8

303.0–307.1 6.6–7.8

367.7–371.8 7.0–8.2

Table 5 K-means class boundaries and Bayesian chronological ranges
for site 1146 (Li et al., 2004)
Cluster boundary (mcd) Bayesian chronological range/Ma

78.8–88.8 0.2–0.9

157.6–163.6 1.8–3.0

248.5–254.5 2.9–4.5

339.4–345.5 6.8–7.6

503.0–509.1 12.0–14.0

Table 6 RF class boundaries and Bayesian chronological ranges for
site 1146 (Li et al., 2004)
Cluster boundary (mcd) Bayesian chronological range/Ma

163.6–169.7 1.5–2.6

260.6–266.7 3.0–4.9

369.7–375.8 7.2–7.8

454.5–460.6 10.9–11.8

515.2–521.2 13.0–14.5
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Fig. 8 Data clusters assigned by class numbers 1 to 6 by K-means (left) and RF (right) for ODP site 118A. Each data point is only
assigned one class and the class number is arbitrary for the two adopted unsupervised classification methods. (a) 1148A K-means;
(b) 1148A RF.

Table 7 K-means class boundaries and Bayesian chronological ranges
for site 1148, max depth is limited to 290 to match 1146 and 1143 (Li and
Li, 2004)
Cluster boundary (mcd) Bayesian chronological range/Ma

11.7–14.6 0.1–1.6

55.7–58.6 0.2–1.7

93.7–96.7 0.3–1.9

164.0–167.0 2.7–4.0

216.8–219.7 6.5–7.5

Table 8 RF class boundaries and Bayesian chronological ranges for
site 1148, max depth is limited to 290 to match 1146 and 1143 (Li and Li,
2004)
Cluster boundary (mcd) Bayesian chronological range/Ma

55.7–58.6 0.2–1.7

96.7–99.6 0.3–1.8

137.7–140.6 2.1–3.1

175.8–178.7 4.0–4.8

216.8–219.7 6.1–6.3

Fig. 9 Mixed Gaussian density plots for the cluster boundaries produced from K-means (left) and RF (right) at site 1143. The blue line
indicates the commencement of east Asian monsoon at 7.2 Ma (An, 2000).
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It is worth noting that by comparing Fig. 9 and Fig. 10, the
peak at around 7 Ma is present for both sites. A regime of
peaks before around 4 Ma is also present for both sites.
Figure 11 shows the density plots for site 1148. The

shape of the plot is more skewed than the plots of other two
sites. The highest peak is located at around 1 Ma for both
methods and a much lower peak is displayed before 5 Ma.
A peak at around 7 Ma is shown by K-means and at around
6 Ma by RF.

5 Discussion

A novel method for studying past events based on

scientific ocean drilling datasets is explored in this study
with the simultaneous application of unsupervised learning
methods and Bayesian age-depth chronologies. The two-
pronged approach opened up a possibility of data-driven
study of event synchroneity across different drilling sites.
A key assumption in this study is the definition of a past

event and in this study a past event is defined as the cluster
boundaries interpreted by unsupervised learning methods
without any a priori information. Unlike human interpreta-
tion which is often limited to a few variables, unsupervised
learning methods take a larger number of variables and
tens of thousands of observations into account at the same
time to extract hidden patterns within the datasets. By
imposing a similarity metric on the data, data points with

Fig. 10 Mixed Gaussian density plots for the cluster boundaries produced from K-means (left) and RF (right) at site 1146. The blue line
indicates the commencement of east Asian monsoon at 7.2Ma (An, 2000).

Fig. 11 Mixed Gaussian density plots for the cluster boundaries produced from K-means (left) and RF (right) at site 1148. The blue line
indicates the commencement of east Asian monsoon at 7.2 Ma (An, 2000).
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the shortest measured distances among themselves are
assigned to the same cluster by the computer algorithm.
The principles behind the two popular unsupervised

learning methods, K-means and RF in this study are very
different. K-means clustering produces results based on
linear decision hyperplanes while RF utilizes decision trees
more sensitive to non-linear relationship between the
variables (Tse et al., 2019). Similar class boundaries
observed from results generated from the two unsupervised
learning methods suggest that the results could carry
meaningful information.
The clusters generated from the unsupervised methods

are surprisingly continuous in that each resulting cluster
corresponds to a section of depth range without interrup-
tion by other clusters assigned within it. Each cluster is
interpreted as representing a certain relatively stable stage
of an evolving paleoenvironment including the generation,
transport and deposition of the ocean sediments. Based on
this interpretation, the cluster boundaries would contain a
proxy signal of certain hidden changes in the paleoenvir-
onment. In reality these hidden changes could be
corresponding to anything ranging from short-lived
excursions to complete transitions of state in the
paleoenvironment concerned. The hidden changes may
involve multiple geophysical or geochemical processes in
the paleoenvironment and could be either local or regional
across spatial and temporal dimensions.
The mixed Gaussian density plots of data events for the

three sites provide a good visual demonstration of the
potential strength of this approach in the study of event
synthroneity. The location and shape of density peaks of site
1143 and site 1146 show a striking resemblance even
though their age-depth models are very different and the
sites are separated by hundreds of kilometers in geographi-
cal distance. Both site 1143 and site 1146 display a group of
two to three peaks before around 5 Ma and a very good
agreement of a peak at around 7 Ma is observed from both
methods. The agreement of the location of the peaks could
be attributed to the fact that both sites are located over a
relative thick layer of ocean sediment and that the cores
contain continuous sediment samples of excellent
quality. The past events could be regional instead of local
as the sediment sources and related paleoenvironment must
be quite different with such a large geographical distance
apart.
This argument also explains why the density plots of site

1148 differ a lot from those of the other two sites even
though it is relatively close to one of the two sites. Site
1148 is located at the bottom part of the continental shelf in
the vicinity of the continental/ocean boundary. The
constituents of sediment, physical and chemical processes
could be quite different from that of sites 1143 and 1146
where they are located on the upper part of continental

shelf where a thick sediment layer has been accumulated. It
is important, however, to observe that a small but visible
peak is present at around 7 Ma at site 1148. This further
suggest that the peak represents a proxy signal of a regional
event affecting all of the three sites in this study.
A possible candidate for such a regional event is the

commencement of the East Asian monsoon at around 7.2
Ma (An, 2000). The commencement of the monsoon
entails a pervasive environmental change across whole
catchments feeding into the SCS. Such a regional
paleoenvironmental event could have profound effects on
the formation, transportation and deposition of the
sediments. If such a signal exists in the sediment record,
it will most likely be presenting itself across all cores taken
from different sites in the region instead of locally.
According to Wang and Li (2009), other candidates for
the major SCS structural and tectonic events occurring at
around 7 Ma include the beginning of the uplift of Taiwan
Island, end of uplift of Western Cordillera and the
beginning of formation of the Philippine trench. Although
the identification of events interpreted from the unsuper-
vised methods cannot be confirmed, the study has
demonstrated the potential power of a statistical approach
in the identification of synchronous regional events.
It should be emphasized that, while the data clusters are

real in their own sense, there is no guarantee that they
correspond to any real physical event. Data clustering
methods are sometimes coined as trying to “find a needle in
a haystack when it is not sure whether there is one inside”
(Hennig, 2016; Pavlidou et al., 2016). Any clustering
results will be questioned for their relevance to the real
world (Wagstaff, 2012). Nonetheless, previously unrecog-
nized patterns and correlations will emerge from a logical
integration and evaluation of reliable datasets (Hazen,
2014). It is important for any ML studies to be able to
communicate back to the domain problem with applicable
results to improve on current methods. In other words, any
revealed data pattern will be useful in further investigations
of the datasets.

6 Conclusions

The study demonstrated that unsupervised machine
learning method could be utilized in exploratory data
analysis on scientific ocean drilling datasets. The methods
have not been applied on the SCS datasets before and the
results from this study indicated that the methods have
unveiled meaningful information otherwise difficult to be
uncovered by human experts. Further studies could be
conducted with more sophisticated classification methods
such as Self Organizing Map (Liu and Weisberg, 2011) on
more sites and datasets.
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