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ABSTRACT

This paper is part of a special issue of Appliedo&emistry focusing on reliable
applications of compositional multivariate statiati methods. This study outlines the
application of compositional data analysis (Co@agalibration of geochemical data and
multivariate statistical modelling of geochemistaynd grain-size data from a set of
Holocene sedimentary cores from the Ganges-BrahtreafiB-B) delta. Over the last two
decades, understanding near-continuous recordsdafnentary sequences has required
the use of core-scanning X-ray fluorescence (XRiEcsometry, for both terrestrial and
marine sedimentary sequences. Initial XRF datagarerally unusable in ‘raw-format’,
requiring data processing in order to remove ims&mt bias, as well as informed
sequence interpretation. The applicability of thesaventional calibration equations to
core-scanning XRF data are further limited by trenstraints posed by unknown
measurement geometry and specimen homogeneityelh@svmatrix effects. Log-ratio
based calibration schemes have been developed @picech to clastic sedimentary
sequences focusing mainly on energy dispersive-XRP-XRF) core-scanning. This
study has applied high resolution core-scanning X&RHolocene sedimentary sequences
from the tidal-dominated Indian Sundarbans, (GaiByabmaputra delta plain). The
Log-Ratio Calibration Equation (LRCE) was applienl @ sub-set of core-scan and
conventional ED-XRF data to quantify elemental cosifion. This provides a robust
calibration scheme using reduced major axis regnes®f log-ratio transformed
geochemical data. Through partial least squaresS)Rhodelling of geochemical and
grain-size data, it is possible to derive robusixgrinformation for the Sundarbans

depositional environment. The application of thesghniques to Holocene sedimentary
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data offers an improved methodological frameworkr fonravelling Holocene

sedimentation patterns.

1. GEOCHEMISTRY OF HOLOCENE SEDIMENTARY ENVIRONMENTS

The composition and physical properties of sedisantd sedimentary rocks are for the
most part controlled by chemical processes taklagepduring weathering, transport, and
burial (diagenesis) (Bjarlykke, 2010). Thus, untemding the physical properties of
sediments and sedimentary rocks requires an uadelisg of the chemical processes
underlying sedimentary deposition. The formatiorclaftic sediments is a result of the
erosion and weathering of source parent rocks. dibsolved fraction of this clastic
sediment flows into seas or lakes, with subsegpestipitation as biological or chemical
sediments. During transport, grains continue toeoga weathering and abrasion, with
resultant sediments potentially undergoing repeeyetes of deposition and erosion prior
to final deposition. In order to establish the origf these sediments, and to gain an
understanding of the processes that have operatadtheir deposition, there is a need
to analyse their geochemistry. For Holocene sedisn@re., those deposited within the
last 11.7 ka), environmental geochemistry offersesies of approaches to analyse
sediment geochemistry. For example, the identiboadf minerals in soils and sediments
usually involves high powered electron microscomy itnage crystal forms, and
diffraction and vibrational spectroscopy to deterencrystallographic structures (Ryan,
2014). Understanding the elemental composition ediment usually involves the
analysis of elemental absorbance, emission, fleere= or mass (Ryan, 2014). These

approaches to elemental analysis fall into two gsowdestructive and non-destructive.
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The former involve the dissolution of minerals i aqueous solution, whilst the latter
are characterised by the analysis of mineral posv(feyan, 2014). These non-destructive
approaches include X-ray fluorescence (XRF) whicis study will examine for the
purposes of the chemometric calibration of elengaadchemistry from the Sundarbans,
West Bengal, India. This paper provides a backgidonXRF, XRF core-scanning and
calibration through compositional data analysis¥@y with a focus on the sediments of
the Sundarbans, to demonstrate the usefulnese ¢éthniques. Through the application
of CoDa, a number of calibration coefficients canderived for key proxy geochemical
indicators and used to study sedimentary provenancedepositional processes. The
objective of the study is to investigate how theleation of LRCE & PLS to Holocene
sediments of a Delta environment can improve imegpion of geochemical indicators

of grain-size variability.

2.BACKGROUND TO THE INDIAN SUNDARBANS

The Sundarbans is one of the largest coastal veeties in the world (~ 1 million
hectares) covering the western delta of the GaagdsBrahmaputra (G-B) rivers (Fig.
1). The Sundarbans is a complex network of tidakks and deltaic islands with most
sediment arriving indirectly from the G-B river $ysis (which drain the Himalayas).
The Indian Sundarbans comprises just over 400,@a€ates in the western sector of the
G-B delta, and is cross-cut by a number of apprat@hy north-south estuarine channels
(Fig. 2). Overall, the G-B delta is generally diettlinto two sub-systems of fluvially and
non-fluvially dominated depositional environmenBg( 1) (Rogers et al., 2013). The

eastern sector of G-B delta comprises the fluvidllyninated system, whilst the older
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abandoned part of the delta, in the west, compribes non-fluvially dominated
environment that is no longer directly linked tce t®-B river sources (Fig. 1). This
western part of the delta (which underlies the gmesday Indian Sundarbans) was
fluvially abandoned prior to c. 5000 cal yr BP,the Ganges River migrated eastward
towards its present position (Goodbred and Kueb002. Shoreline progradation in the
eastern delta complex following the joining of Banges and Brahmaputra rivers in the
Meghna Estuary is considered to be fluvially-dorteda(Allison, 1998a).

The western extent of the G-B delta is now thoughbe undergoing net delta
front erosion (Allison, 1998b; Allison et al.,, 2003likely reflecting an eroding
environment in areas distal to areas of contempdtavial-deltaic deposition (Allison
(1998b). As the Ganges river shifted from its fermvestern discharge channel (i.e.,
Hoogly River) to its current position in the eastseries of palaeo-distributary channels
were left abandoned (Allison, 1998b). These chanredflect an almost exclusively tidal-
driven geomorphology, with sediments and dischénga the main G-B rivers no longer
entering the western delta front (Allison, 1998baBacharyya et al., 2013).

In order to fully explore the processes of sediragom and the potential sources
of variance in sediment composition during the-ltdocene (post Ganges shift), high
resolution data analysis is required. Such analysis never been performed on
sedimentary cores from the Sundarbans, and th@dy sepresents the first attempt at
characterising the sedimentary facies using higbtmtion core-scan XRF and

establishing variation in sediment deposition.

3. INTRODUCTION TO XRF CORE-SCANNING
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The application of X-ray fluorescence (XRF) to gegptal materials is well established,
and recognised as a conventional technique fovidgrelemental composition (Ramsey
et al., 1995; Jenkins, 1999; De Vries and Vreb0822 Weltje and Tjallingii, 2008). The
underlying principle of XRF analysis is that extida of electrons by incident X-
radiation (X-rays) leads to the ejection of elestrdrom the inner ring of an atomic shell.
This ejection results in a vacancy, which is filleg cascading electrons from the outer
shells, which, in turn, leads to the emission cfrgg (Weltje and Tjallingii, 2008). The
emitted energy and wavelength spectra are atomigalicative of particular elements,
allowing relative abundances of elemental compmsétito be derived (Weltje and
Tjallingii, 2008).

In the 1990s, the development of a non-destruaore logging technique which
applies XRF for the determination of major-elemenncentrations in split sediment
cores was first utilised by the Royal Netherlandstitute for Sea Research (NIOZ)
(Jansen et al., 1998). The most advantageous suidacXRF sample determination is
homogeneous, dry, and smooth (Jansen et al., 1988)g split-cores surfaces provides
comparable geochemical data to powder samplesgderisal., 1998). This is due to the
response depths that vary between elements. Howehass been found problematic that
larger particles tend to attenuate the fluorescadiation of elements more than fine
particles (Jansen et al., 1998). The ‘ideal’ hommegly of a sample occurs when the
majority of the material can pass through a 70-meves (Potts, 1987; Jansen et al.,
1998), with ‘ideal’ results derived from silts awthys, rather than from sands (which
require careful interpretation of results) (Janseal., 1998). The key advantages of XRF

core-scanning over conventional geochemical arglg$i discrete specimens is that
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element intensities are obtained directly at thréase of a split sediment core (allowing
for the extraction of near-continuous records anent intensities), and the spatial
resolution of ED-XRF core-scanning is much highemt conventional discrete sampling
destructive methods (Weltje and Tjallingii, 200Bpwever, one of the main drawbacks
of the approach has been the conversion of elemé&tsities measured by ED-XRF
core-scanners to element concentrations (WeltjeTgallingii, 2008). Thus, the results
obtained by ED-XRF core-scanning are generallyeesl in the form of count rates
(counts per unit time per unit area), or as ratibsounts, count rates, or intensities of
elements (Richter et al., 2006; Rothwell et alQ&0Thomson et al., 2006; Weltje and
Tjallingii, 2008). Within regular calibration schesy measurement geometry and
specimen homogeneity is very poorly constrained tduéne inhomogeneity of samples
and the irregular surface of a split-core (Weltpe djallingii, 2008; Weltje et al., 2015).
In addition, in some instances, spatial variationghe thickness of an adhesive pore-
water film which forms directly below a protectipelyester film covering the split core
surface should be considered a further constraifactpr on measurement geometry
values in the calibration equation (Weltje and Ilipgli, 2008). Due to these poorly
constrained and uncontrollable variations in thpegxnental setup, the measurement
geometry becomes an ‘unknown’ in the calibratiomatpn and renders its solution
intractable within reasonable limits of uncertairfii/eltje and Tjallingii, 2008). As a
result of this uncontrollable variable in the cedition equation, the experimental setup of
guantitative XRF core-scanning must incorporaterabspecimens of known intensities
(Weltje and Tjallingii, 2008). However, such caliion approaches often possess

inherent intractability which can make the exerdisgppropriate for fully quantifying
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core-scan ED-XRF intensities. As a result, calibratequires an alternative approach
within the scope of CoDa in the form of the Log-Ratalibration Equation (LRCE): a

univariate log-ratio calibration (ULC) approach ttltmmbines conventional calibration
approaches in ratio form (Weltje et al., 2015).

The primary justification for the application ofeth.RCE and calibration in this
study is outlined by Bloemsma (2015) in terms afivdeg meaningful data. Essentially,
the reason why calibration of core-scan derived XRia is that if calibration is not
performed, no actual useful information other thawise and ‘presence/absence’ of
particular elemental data can be discerned. Céiilyyghe data in the manner outlined in
this manuscript actually shows robustly both tHatiee elemental composition present,

but also that the elements that are calibrate@@real signal as opposed to noise.

4, METHODOLOGY

4.1. Quantification of core-scan derived XRF thiotge LRCE

The LRCE works by using the relationship betweemelnts derived from core-scan and
conventional ED-XRF. Core-scan ED-XRF cannot bebcatled in standard equations
due to unknown coefficients of such models, as idt possible to correct for grain-size,
water content etc., on a split core log withoutattg the sample. In principle, calibration
of conventional ED-XRF faces the problems of beenglosed dataset (i.e., appropriate
data for compositional data analysis), but stippresentative of relative quantities of
elements in a sample. However, although core-séXEF is semi-quantitative (i.e.,
data are in form of counts per second) there aeralative abundances of elements (i.e.,

core-scan ED-XRF counts are relative to the suw-tftcounts that are present between
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each element). If a series of points is measuredgusore-scan ED-XRF and
subsequently sub-sampled and processed with caamehED-XRF, then there are two
datasets for the same sample: conventional ED-XRIFcare-scan ED-XRF.

The two datasets that are modelled in the LRCEh&eore-scan ED-XRF counts
(i.e., intensity data) for which the concentratisunknown, and the concentration values
(e.g., %, ppm, etc.) dataset from the same sedropkes as the intensity data, that form
the reference dataset in the calibration procedtine.way in which the LRCE works is
that the empirical model coefficientsand are the log-ratio equivalents of the matrix
effect and detection efficiency (this is true inetltase of single-element XRF
spectrometry), respectively (Weltje and Tjalling?008). The LRCE uses a number of
independent models for the binary sub-compositioina given set of elements to the
spectrum of relative XRF intensity data by usinganaxis regression based on singular
value decomposition (SVD) (Weltje and TjallingiD@8).

The LRCE can be considered a form of additive latgprtransformation (alr)
(Aitchison, 1982; 1986), whereby the transformatignperformed on every linear
combination of the sub-compositions examined (Wedtnd Tjallingii, 2008). The key
principle however is that the calibration functionslog-ratio space and that these are
linear. After which, inverse log-ratio transfornmatiand closure, the same data can be
expressed in relative intensities against conceotrain binary composition (Weltje and
Tjallingii, 2008). Predictions of the most optimuag-ratio denominator are allowed for
in this approach which reduces any non-linearitsosiuced by matrix effects (Weltje and
Tjallingii, 2008). Although the calibration processcarried out in log-ratio space it is

possible to inverse-transform the results using theerse-alr function, giving
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compositional data as output (Weltje and Tjalling®08; Bloemsma, 2010). The LRCE
derives multiple element composition estimates f)XRF core-scanner output by fitting
a series of mutually independent models for birsary-compositions of elements to the
spectrum of (relative) intensities (Weltje and Tipaii, 2008). The variables are only
considered in the form of dimensionless log-ratwisich implies that normalisation prior
to analysis is not relevant, and this is consistetit the key tenets of the CoDa approach
(Weltje and Tijallingii, 2008). With this in mindhé model is unconstrained from the
unit-sum and non-negativity problems imposed byoaed dataset (Weltje and Tallingii,
2008). A full derivation of the LRCE is given in We and Tjallingii (2008) and Weltje
et al. (2015).

In this study the prediction of the ED-XRF core+ssab-composition was carried out

according to the following scheme:

* The core-scan intensity ED-XRF data and the peacgnt(%) concentration
PXRF data are examined for theand 3 model parameters through major axis
regression by SVD (Press et al., 1994).

* Binary sub-compositions between intensity ED-XRForéescan) and %
concentration PXRF are plotted (i.e., the optimwyg-datio denominator that
gives the best linear fit is derived and a seriesletransformations are used
employing this optimum log-ratio denominator, toride a linear relationship
between % concentration data and intensity data).

* The best fit model for intensity ED-XRF — the ED-KRlata from both the %
concentration and predicted concentration are peunand calculated for each

log-ratio pair of linear distances, which derivas best fit for the intensity ED-



231

232

233

234

235

236

237

238

239

240

241

242

243

244

245

246

247

248

249

250

251

252

253

XRF sub-composition (Weltje and Tjallingii, 2008his is empirically quantified
by taking the median of the squared discrepanaésden the predicted and the
% concentration geochemical composition with digareies calculated through
the use of a ‘leave-one-out-cross-validation’ (LOQ{Bloemsma et al., 2012).

» The Aitchison distance between predicted and reterecomposition is used as
the determinant for the optimal denominator elemenhe sub-composition (i.e.,
the residual variance between measurements inthethegression and predicted
models) (Bloemsma et al., 2012).

* The goodness-of-fit of the optimum log-ratio denoator is derived from the
residual variance and the total variance (Weltg &jallingii, 2008).

* The relative abundance of each element in the suiposition from the predicted
weights is determined through an inverse alr-tramsétion, with data expressed
in a conventional (closed) form (Weltje and Tjadjin 2008).

Data from core-scan derived ED-XRF are now caledlabased on the relative
abundances of the sub-composition. However, tooparany further statistical analysis
of the data, they are required to be subjectedrtbér log-ratio transformation (e.g., alr-,
centred log-ratio (clr), or isometric log-ratio rfiltransformation). As the LRCE is
founded on the CoDa principles, the use of a comrugiratio denominator is
unrestricted and functions as a normalisation agpgr@Weltje and Tjallingii, 2008). The
use of a common log-ratio denominator in the catibn model is generally independent
of any environmental or sedimentological considerat (i.e., the log-ratio denominator
is independent of any physical reasoning for usthécalibration model) (Weltje and

Tjallingii, 2008).
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4.3 Joint geochemical and grain-size modelling

Grain-size and geochemical composition of clasédirments have been found to be
highly correlated as a result of the processesdbirol the generation of sediment from
crystalline rocks (Bloemsma et al., 2012). The cosiion of modern sediments and
their grain-size variation is due to four key fasto(i) contributions of mineralogically
and texturally distinct grains from a number of efiyent sources (ii) rock fragments
being mechanically weathered into a finer compasiti(iii) labile grains being more
susceptible to chemical weathering and (iv) trartspassociated sorting of
compositionally distinct grains (Whitmore et al002).

Bloemsma et al. (2012) have expanded on this olstiip between geochemical
and modal grain-size variation, as geochemicabtan is generally considered to reflect
the pervading environmental conditions of sedingemesis. In terms of relating grain-
size variation to bulk geochemical compositionmiay be postulated in terms of the
chemical weathering of crystalline rocks, in whitie release of unstable elements as
solutes takes place, whereas elements such asmainmén the solid phase (Nesbitt and
Young, 1984; Bloemsma et al., 2012).

The development of the PLS modelling approachdunt jgeochemical and grain-
size relationships is premised on whether in sesesf sediment samples derived from a
source area that, over time the extent of chemiethering was static, then the bulk
geochemical variation may be attributed to; selectentrainment, transport, and
deposition (Bloemsma et al., 2012). In a sedimeugiohl context, such a one-to-one
relationship between grain-size and geochemistrsais with geochemical variability

being a function of: chemical weathering; hydralakérodynamic sorting; mixing; and
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diagenesis (Bloemsma et al., 2012). In these regdne variability between grain-size
and geochemistry is considered as being what isedhend what is unshared, in which
case if the former is removed from the data andréiseduals calculated, then unknown
trends such as provenance may be distinguishedessith (Bloemsma et al., 2012).

The partial least squares (PLS) modelling appraeas developed by Bloemsma
et al. (2012) and has two key assumptions: (1) tihete is a monotonic relationship
between grain-size and geochemical composition; éjdgrain-size distributions and
geochemical compositions are both compositionahature, necessitating the use of
models in log-ratio space (Bloemsma et al., 2012).

Effectively, geochemical data are considered taaiartwo parts, with one part
that is correlated with grain-size, and a second ywaich varies independently from
grain-size (Bloemsma et al., 2012). The model rs@a out by finding a basis for which
maximizes the geochemical variance explained bythm-size (Bloemsma et al., 2012).
If then, the mean is subtracted from these geoatedrand grain-size data matrices, the
values of the residuals are provided (Bloemsma. e2@12). If there is significantly high
correlation found in the projection of both datasemto the basis vectors, then these are
considered to be the ‘shared signals’ (Bloemsna. e2012). The residual signal is then
calculated by subtraction of the shared signalsftbe raw data, giving the variability
unique to each dataset (Bloemsma et al., 2012)ingjdkig. 3 for example where X\Y
could be considered to represent grain-size vdit\aband Y\X representative of
geochemical variability, the variability shared bgth data sets is indicated by"X,
which is highlighted in grey (Bloemsma et al., 21k contrast to this shared

variability, the variability that is then unique the geochemical data that potentially
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holds relevant signals (e.g., provenance) is shbwnY\X, representing the residual

geochemical variability (Bloemsma et al., 2012).

The implementation of the PLS modelling approadtofes on from the work of

Bloemsma et al. (2012) in which:

clr-transformation of both the grain-size and gesuital data.

Derive the basis Q (i.e., clr-transformed geochahsolution space) iiR" that
can maximise the geochemical variance explainethbygrain size through the
Partial Least Squares (PLS) (Wold et al., 1982).

Fit a model onto data matrices Kvhere X = L grain size classes) and(Where

Y = D variables).

Subtract the mean from the 3nd Y to derive X and Y, through the SIMPLS
algorithm (de Jong, 1993) and calculate the PLSixndécomposition.
Orthogonalise the bases (i.e., the loadings) thrdsigD with the score matrices
recalculated.

Test the significance of correlation between geotbey and grain-size
distribution scores on the k-th basis vector ughmg Kendall and Stuart (1973)
test.

Derive r for any order of k, where is the Pearson’s correlation coefficient
between the k-th column and the previously orthadjsad bases.

With a confidence level af and p = 14 , the first k of shared signals is removed

if for the k the Kendall and Stuart (1973) criteris established.
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» The model is applied to all grain-size and geocleahdata as the transpose of the
bases are orthonormal, thus the scores of all eedeagrain-size distributions and
geochemical compositions may then be derived byrthieix product.

* Reduced-rank approximation is used to derive tlaeeshsignal in both the grain-
size and geochemistry datasets.

* Residuals calculated and subtracted from the comwasiability for both the
GSDs and geochemistry input data.

« Mean added, such that the residual signals cemtrend the mean of their
corresponding raw data matrix (Bloemsma et al. 2201
Through this algorithm implementation it may be gbke to derive the grain-size

dependent and independent geochemical componemts tfie dataset. The reader is
referred to Bloemsma (2010), Bloemsma et al. (201&)d Bloemsma (2015)
publications for a more exhaustive discussion @RhS algorithm. However, it is only
through utilising the calibrated geochemical dataspnted here that proxy information
for environmental change may be derived, in thsedar grain-size variability and the
depositional environment for the Dhanchi Islane@.s@rain-size data was gathered from
the Dhanchi Island core samples prior to PXRF ais|yollowing the methodology of

Flood et al. (2015).

4.3. Data acquisition: Grain-size analysis
GSDs were analysed following Flood et al. (2015nhgisa MalvernMastersizer 2000
instrument. Data were aggregated into quarter miervals ¢ scale) over the range of

0.02 — 200Qum, following collection of measurements from thetinment. The centred
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log-ratio transformation (clr-transformation) wasplemented on all grain-size classes
with any zero-valued bins of quarter phi intervedsnoved (i.e., where entire column

vectors consisted of 0 row values). Classes ofithm-size distribution containing a zero

in any of the observations (i.e., columns wherey @dme of the row values are > 0),
were amalgamated and the arithmetic mean calcu(ate@loemsma et al., 2012). This

process was carried out on the 62uB0 to 2000um fraction (i.e., 4.0@ to —1.00¢) for

the Dhanchi Island GSD data.

4.3. Data acquisition: ITRAX™ core-scanning

Coring was carried out at Dhanchi, Bonnie Camp, 8afhekhali in November 2011
(sites shown in Fig. 2). Three cores (one from esité) were extracted using a motor
driven percussion coring device. These cores weatysed using the ITRAX™ core-
scanner (Cox Analytical Systems, Mélndal, Swedenjsked at the School of Geography,
University College Dublin. This is a non-destruetianalytical approach which provides
ED-XRF elemental profiles along with optical imageand micro-density (X-
radiography) information (Croudace et al., 200&)e Tgeochemical data were acquired
through an ED-XRF spectrometer consisting of a lmdéyum cathode (Croudace et al.,
2006). The voltage and current of the X-ray sowes the 3kW Mo tube set to 30 kV
and 50 mA respectively, with a measurement step-aiZ300um and exposure time of
16 seconds. The latter setting was employed foedigpce, to provide high-resolution
scanning of all the cores (c. 25 m of material tahgrhe element data (table of elements
shown in Table 1) were processed using fitting pdaces in the Q-Spec spectral analysis

package in order to extract the individual elemlemttensities from the spectra output
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(Croudace et al., 2006). Operation of the softwiak®lved selecting elements to be
extracted from the XRF spectra, with any spuriousimecessary elemental choices or
incorrect fitting parameters adjusted post hocugtoa batch-controlled post-processing
of the spectra (Croudace et al., 2006). Invalidiiregs were noted and not employed in
any post-hoc processing (i.e., invalid readingsewsot used in the LRCE). The scan-
lengths from each of the cores were 666 cm for Bhiap (hole-depth of 728 cm), 923.2
cm for Bonnie Camp (hole-depth of 1022 cm), and.43®n for Sajnekhali Island (hole-
depth of 791 cm). The total number of readings femnh core were Dhanchi-2 with n =
22,129 valid readings from a total output of 22 ,2@hdings (72 invalid readings),
Bonnie Camp with n = 30,517 valid readings fronot@ltoutput of 30,773 readings (256
invalid readings), and Sajnekhali with n = 23,82fid/ readings from a total output of
24,201 (379 invalid readings).

The LRCE was applied to the global discrete samgptiataset collected (n=568)
with the model then unfolded onto the elementahdiedm the high-resolution ITRAX™
ED-XRF (n=76,468). The alphao) and beta ) slope and intercept regression
parameters derived from the LRCE were used to gréde relative concentration of a
sub-composition of elements (see section 5 resnfitghis study), for this higher

resolution dataset.

4.4. Data acquisition for calibration: portable a§r fluorescence spectrometry of
reference samples
Data acquisition using ED-XRF was undertaken usirByuker S1 TURBO SD portable

X-ray fluorescence (PXRF) spectrometer (Bruker @Goapon, Massachusetts, USA)
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consisting of a 10 mm X-Flash® SDD Peltier-coolededtor with a 4-watt (W) X-ray
tube consisting of an Ag target and a maximum geltaf 40kV. Analysis was carried
out on discrete samples collected from the DhaB¢cHBonnie Camp and Sajnekhali
Island cores. In order to ascertain major and teleenent composition, the elemental
suite was generated using two analytical settingselach sample analysed. Major
elements were acquired using a vacuum-pumped, fesgg and high current setting of
15kV and 5pA instrument setting with no filter. The vacuum-pumvas used to remove
air from between the sampling window and the deteeind allowed for improved
analysis of the material, in particular increaseds#ivity to light major elements, below
and including iron (Fe). The other analytical seftwas used for trace element analysis
and acquired without a vacuum-pump and employeellaw filter (Ti and Al), high-
energy instrument setting of 40kV and 1980 With these instrument settings,
elemental data are acquired for heavier elemertts littie sensitivity for those elements
below calcium (Ca). The filter used consists of.@0Q" Ti and 0.012” Al and is already
present in the instrument. Using the portable XRigh and low energy data were
acquired for each sample. Unknown samples fromSinedarbans were each measured
for 16 seconds, with a set of 22 international peodcal reference standards (shown in
Table 1) measured for 120 seconds, this was caoigdso as to develop a robust
calibration line for the PXRF instrument specifaibration. Since the Bruker software is
proprietary, a full disclosure and discussion @& talibration routine is not possible in
this study (cf. Rowe et al., 2012).

The calibration models used in this research depanthe estimation of error of

the covariance matrices, where the magnitude of uheertainty in the measured
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variables is accounted for (Bloemsma 2015; Weltjale 2015). With this in mind, due
to lack of a priori knowledge concerning these uncertainties, regdanalysis is
required in order to estimate these uncertainti8oefnsma 2015). Repeated
measurements were carried out on a total of 9 sM{@ per core) with 30 additional
measurements on each of these samples (n = 278tedpmeasurements in total) using

the portable ED-XRF.

4.5. Data acquisition — portable ED-XRF spectrébcation

The raw spectra obtained from the Bruker S1 TURBDpBrtable ED-XRF require a
calibration to convert the data into quantitativeigit percentages. The calibration for
the portable ED-XRF unit is matrix-specific, soaileration for major and trace elements
of sediments and soils was developed using a fiitd2 reference materials. The
calibration of the ED-XRF spectra was carried osing the Bruker AXS calibration
software S1CalProcess Version 2.2.32 with the eefex concentrations for the low and
high energy calibrations produced for each elemieging evaluated against the
concentration of the element as derived from tlopesland baseline corrected peak
heights. Linear regression analysis of the elenheatacentrations quoted by the
manufacturers for the international geochemicaregice standards are examined along

with elemental composition derived from the BrukefS S1CalProcess.

5.RESULTS
The results presented in this section reflect #ta grocessing and outline how the LRCE

was applied to the integrated core-scan ED-XRF daiag with the discrete samples



436

437

438

439

440

441

442

443

444

445

446

447

448

449

450

451

452

453

454

455

456

457

458

analyzed using conventional ED-XRF and grain-sizaysis. The LRCE model depends
on comparability of the intensity measured elemeatanposition (i.e., data from the
core-scan ITRAX™ data) along with the % elementanposition (i.e., conventional
XRF data) a sub-composition of the elements weraméxed for these modelling
purposes.

The LRCE model was applied to all of the integratece-scan samples from the
cores. These input data consisted of the total Eapgpulation from the three cores
(Dhanchi, n = 163; Bonnie Camp, n = 228; Sajnekhals 176; with a total sample
population, n = 567) with fifteen outliers removéthese outliers were removed as they
deviated substantially from the general spread atla dooints and would bias the
prediction of the model. Fig. 4 shows the crosg pforesults from the closed, inverse
transformed sub-composition of elements with cafci{Ca), iron (Fe), and potassium
(K) depicted in the top row (a-c) and rubidium (Rtjanium (Ti), and zirconium (Zr)
shown in the bottom row (d-f). The conventional gged (reference) ED-XRF
composition is on the x-axis with the integratedRAX™ derived intensity (predicted)
ED-XRF on the y-axis.

The lack of a full suite of elemental output is doethe fact that the majority of
these elements correspond to the lower energy,ttargl atomically lighter, end of the
spectrum with poorer excitation efficiency and datn. Data derived from these lighter
elements are more difficult to calibrate as theredtto be more peak-overlaps. Finally, as
the penetration depth of ED-XRF for the light elentse(e.g., Si, Al etc.,) tends to be ~
hundreds ofum, there is a risk of not actually measuring sedin{ee., with core scan

derived ED-XRF, it is possible to measure waterl@dainder the Mylar® polyester
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film). The efficacy of the LRCE is illustrated ing- 4, where data appears to be well
spread along the model, with calcium, iron anchtiten representing the best spread of
data points. There appears to be some bias indtesgium modelled output where a
number of sample points deviate from the modelsThias may be attributed to the
measurement of potassium in ED-XRF (both core-sgahconventionally derived ED-
XRF), where potassium appears close to calciumimrsdme cases there may be some
peak overlap if the count time is low (Bloemsma 201However, given that the
potassium is spread along the x-axis of the knowiglted elemental composition, such
an artefact of analysis may be attributed to theveational ED-XRF. Rubidium data
points appear to be spread across the regressibtesive a reduced correlation. There is
also a clustering of the data points from the regjom model applied to zirconium.

The calibration coefficientsy andp, for the LRCE model are shown in Table 2
and Table 3, respectively. These coefficients andmsidered to reflect the matrix effect
(i.e., scattering, absorption and enhancement tsffetroduced during measurement,
caused by the presence of other elements) andtidetetficiency (i.e., sensitivity of the
ED-XRF data after pre-processing) in a single-elenfeom ED-XRF derived output
(Weltje and Tjallingii, 2008). The LRCE removes thgecimen effects, which relate to
the deviations of measurement from ideal condititwasvever not all of these effects are
fully removed (Weltje and Tjallingii, 2008). Theandp regression parameters reflect
physical parameters such as grain-size, core-sudbvation, and water content (Weltje
and Tjallingii, 2008), and are the main criteri@disn the LRCE for calculating the best
model fit for each of the elements (i.e., whathis tbest’ log-ratio denominator for each

of the elements in the dataset) (Weltje and Tjgiijr2008).
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In Table 4 and Table 5 the residual variances efrégression and prediction of
the dataset used in the LRCE are shown. The rdsiduance refers to noise as it does
not correlate with the compositional variationsairspecimen (Bloemsma, 2010). This
variance is quantified by taking a clr-transforroatiof a set of measurements from the
same core-locations (i.e., replicate measuremavith)the Euclidean distance between
the observations measured in order to calculate estimation (Bloemsma, 2010). Thus,
the residual variance effectively quantifies theeleof relative ‘noise’ that may be
derived from the regression and prediction. Thelted variance for both the regression
and prediction reveal that calcium accounts fomtiwst consistent variance.

Thea andp parameters from the log-ratio transformed datsisetvn in Fig. 5 (a-
e) with Ca found to be the best fitting denomindtw Fe, K, Rb, Ti, and Zr. The’R
values of goodness-of-fit in the LRCE denominatoe ahown in Table 6. The non-
linearity found in the original back-transformedaléFig. 5, Rb and Zr) along with bias
(Fig. 5, K) is now removed. Ca is found to be thgtimal denominator using the
Aitchison distance between the predicted and reéereeomposition. Table 4 shows the
median variances and Table 5 depicts the 95% cemdil limits corresponding to these
residual variances. The non-linearity introducedthyy matrix effects has been greatly
reduced with log-ratio intensities now distributkdearly with the log-ratio relative
concentration (cf. Weltje and Tjallingii, 2008). As consequence, the elemental
concentration can now be derived from any of thensity observations based on the
linear model (black line intersecting the pointuds in Fig. 5) (cf. Weltje and Tjallingii,

2008).
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Using the residual variance of the prediction ahne tegression (Table 4 and
Table 5), the sub-composition closure of the higéotution dataset from the ITRAX™
ED-XRF has been estimated from the lower resolut@libration dataset. As a result, it
is now possible, through the calibrated intenséyivied ED-XRF with the weighted ED-
XRF, to interpolate the high resolution intensi-KRF.

Shown in Fig. 6a is the PLS model output for thealthi Island core with the
PLS-coefficients of c. 0.3 for grain-size depictgdnegative values corresponding to the
coarse-clay to coarse-silt size fractions. Posiiz& coefficients of c. +0.3 are indicated
by coarse-silt to sand sized. The PLS-scores faingsize indicate positive score
fluctuations appear to correspond to coarser sedimeefficients with negative scores
found to correspond to that of finer sediment domfhts. The PLS-coefficients for
geochemistry (Fig. 6b) show positive values focanum and calcium, with the highest
negative values found for iron, potassium, rubidiuamd titanium. Calcium and
zirconium indicate the highest PLS coefficientg.ad.4 and 0.3 respectively. In contrast,
iron, potassium, rubidium and titanium are negdyiveorrelated with PLS-coefficient
values of between -0.3 and -0.4. The PLS-scorew shalecline in grain-size with a
concomitant decline in PLS-scores for geochemigtajcium and zirconium) (Fig. 6¢ &
d). Furthermore there is an apparent trend fourttlerPLS-scores for grain-size, firstly a
trend consisting of a form of oscillation takingapé from c. 787 cm to 491 cm that is
superseded by a second trend of PLS-score dedlmese trends in light of the PLS-
scores may be interpreted as a form of grain-samability, in which oscillations in
grain-size appear to correlate with oscillatiorzirconium, while a decline in zirconium

is reflected in a decline in grain-size. When thé&Hlata are considered along with the



527 PC1-scores and PC1-coefficients for residual geoddtey (Fig. 6e & f), it is evident that
528 throughout the Dhanchi Island core there is a sbt@si decline of calcium taking place.
529 This can be discerned through the PC1-coefficidotsresidual geochemistry which
530 depict positive values driven most strongly by eaft at c. 0.7 with negative values
531 being concomitantly driven by zirconium at just ov@.6. Furthermore, negative PC1-
532 coefficient values may be discerned for the rubidiand titanium compositions, with
533 potassium and iron represented by positive coefiicvalues.

534

535 6. DISCUSSION

536 6.1 Reconstructing Late Holocene environmental ghafnom sediments in the West
537 Bengal Sundarbans, India

538 The objective of the study is to investigate how #pplication of LRCE & PLS to
539 Holocene sediments of a Delta environment can ingiaterpretation of geochemical
540 indicators of grain-size variability. The geochetmjigierived from the application of the
541 LRCE to Holocene sediments in the present studgtilhtes the efficacy of these subset
542 of elements as useful indicators of environment@ange. The LRCE shows that, in the
543 case of the Sundarbans, K, Rb, Fe, Ti, Zr, anddabe calibrated, with Ca found to be
544  the best-fit denominator. The utility of these edns for interpreting environmental
545 change within the Sundarbans can be explored hyiexag the Dhanchi Island core and
546 how these calibrated data may be employed in otdemterpret the depositional
547 environment through grain-size variability. However order to understand the data
548 generated in this study, there is a requiremeptdoe into the context the key aspects of

549 deltaic environments and how these aid in the pnéation of facies variability derived
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through the LRCE & PLS models for the case studthefDhanchi Island core. The role
of this discussion is to outline a potential setcwEumstances that may characterise a

depositional model for this particular site in ®endarbans.

6.2 Use of Sundarbans elemental log-ratios as @mwiental proxies

River deltas develop as coastal ‘protuberances essult of high sediment availability

with variability in ocean hydrodynamics and locatiscoastal progradation (cf. Elliott,

1986; Wright, 1978; Hanebuth et al. 2012). A dymamalationship exists in terms of

laterally graded intensity between sediment diggharalong defined channels

counterbalanced with the influence of tides, waaed longshore currents (Hanebuth et
al., 2012). Differentiation of external forces ihig manner leads to more diverse
organisation of deltaic environments that are mowally segmented and temporally
complex (Hanebuth et al., 2012). This study attemim apply this approach to

considering the Sundarbans in this manner of Isedlvariability in terms of sedimentary
deposition as opposed to applying a generalisecehmeer the entirety of the Ganges-
Brahmaputra delta. Modern Holocene delta developmen understood to have

commenced between 9 and 7.5 cal ka BP associatedtive deceleration of sea-level

rise (Stanley and Warne, 1994). In terms of sedimsapply, it has been found that the
occurrence of coastal-shelf deposits, are indieatitzthe provenance of sediment (Gao
and Collins, 2014). If the supply of sediment im&l’, then the seabed may consist only
of bedrock, relict sediment or reworked materiéiés is known as “sediment starved”

(Gao and Collins, 2014, pp. 270). Conversely, thickocene deposits covering a large

area are indicative of an abundant supply of sedlirf@ao and Collins, 2014). Sediment
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supply is principally provided by rivers, and degent on geographical variability at the
global scale (Milliman and Farnsworth, 2011). Grsire compositions examined with an
experimental microdelta by Endo et al. (1996) héwend that these compositions are
strongly controlled by the textural compositionsolurce sand, analogous to a real-world
river system. These results indicate that textaoahposition of a depositional system is
primarily determined by the textural compositionsefdiment input (Swift et al., 1971,
Liu et al., 2000). With this the observed grainesvariability are a result of the transport
and deposition processes of sediment deliverydgstem, with subsequent reworking of
sediments already deposited (Liu et al., 2000).sTlhe nature and amount of sediment
input can therefore determine the textural charmties of a depositional system in
receipt of these sediments (Liu et al., 2000)s lhow possible to fully consider the data
from the Dhanchi Island core and what may be glédram the geochemical and grain
size variability found and how these fit into theegent understanding of deltaic
environments.

The calcium variability in the Dhanchi Island sedmts may therefore be
understood as declining from a depth of approxilpa@®0 cm to the core surface. This
decline in calcium with the subsequent increaseiriconium, titanium, potassium, and
rubidium composition may be interpreted as ten@sgediment flux with diminished
marine deposition. This calcium signal is pervasivéhe four log-ratio pairs and does
not appear to lend to the interpretation of grame sariability per se in the depositional
characteristics of the Dhanchi Island site. It nbaydiscernible that terrestrial sediment
flux appears to be uncorrelated with calcium, tleggliment provenance for the fine and

coarse sediment appears to be independent of aeraria tidally driven source.
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In this context, the Dhanchi Island sediments exhid predisposition to
terrigenous sediments, in agreement with Rogeas. ¢2013) that geographical distance
is not necessarily a limiting factor on sedimewtatitaking place (assuming the
predominance of terrigenous sediment in the Dhalstéind sediments). One of the key
trends in all of these log-ratio pairs with calciasithe denominator, is that there appears
to be a non-stationarity signal present, in whithcaigh the variability between log-ratio
values appears to indicate some form of oscillatimoughout the sequence, in each log-
ratio pair however the overall behaviour as nogedn increase in the numerator value at
the expense of the calcium denominator (Fig. 7)n-Si@ationary signals, in the case of
these log-ratio pairs, implies that the depositigracesses taking place are drifting in
time, in particular the increase in zirconium refatto calcium may be derived from the
aggradation of the island surface.

Grain size variation delivered by rivers has alserbfound to become finer in the
seaward direction and this is more pronounced inaggradational environment
(Dalrymple and Choi, 2007). However, given thatstipart of the Sundarbans is an
‘abandoned’ deltaic-estuarine site, it may be @dsss being part of the ‘middle estuary’
which occupies effectively the same environmerdahtion within an estuary as active
delta-plain distributary channels within a delta(mple and Choi, 2007). In terms of a
deltaic system such an abandoned set of distripataannels are thought of as estuarine
due to the fact that they do not carry as muchrriischarge and also experience
reworking by tidal currents (Dalrymple, 2006; Dahgle and Choi, 2007). These areas
experience net landward transportation of sedinfremh the seaward margin, which is

contrast to that of active delta channels that eepee a reverse (Dalrymple and Choi,
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2007). It has also been noted that in terms ofenad for river action in the physical
structures present, there tends to be almost ndeewe for seasonality in fluvial
discharge (Dalrymple and Choi, 2007). Along withsththere tends to be a case in
abandoned channels of such delta plain estuarssst#diments from somewhat older
distributary-mouth-bar deposits experience rewakivithin these systems (Dalrymple
and Choi, 2007). The overarching presence of sitt elay would suggest a muddy
depositional environment.

As identified by Goodbred and Saito (2011) suchiremments are generally
made of what are termed ‘sand-mud alterations’ isting of flaser, lenticular and wavy
laminations or bedding. Furthermore, such tidat 8avironments are composed of
bidirectional sedimentary structures such as sayerlstacking, cross-laminations, mud-
drapes, and potentially, double mud-drapes (Goadbaed Saito, 2011). These
depositional features are usually indicative ofalidlepositional constraints on a
sedimentary system (Goodbred and Saito, 2011). his tegard, although such
sedimentary structures are difficult to discernnfr@a discrete number of grain size
samples, it is possible to elucidate such a ddpasit environment, potentially through
high-resolution core-scanning as shown in Fig. @wekler, without having a robust
chronology, it is still difficult to discern sucidal sedimentary structures. In a study of
grain size characteristics of tidal-bore deposiiiorthe Qiantang Estuary by Fan et al.
(2014), GSDs are found to be composed of a prihaiparse and secondary fine
component. The modal size, sorting, and proportifmmd in these coarse and fine

components are ascribed to different depositionatgsses on the tidal flats (Fan et al.,
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2014). Sandy laminae were found to be well sortedpared to those of muddy laminae,
reflecting disparate depositional stages of wafflimg and slack tides (Fan et al., 2014).

The dominant, upward-fining in GSDs as shown in Big 7 may be attributed
to what Dalrymple et al. (1992) refer to as ‘lateshifting of channel bedforms’. Such
lateral shifting leads to this trend in grain s& currents tend to be higher at greater
depths and weaker when over bar crests (Dalrymplal.e 1992). These fining-up
sequences comprising muddy tidal flats may actuedly subtidal sand ridges (Wells,
1995). A similar model of facies succession hasmh@eposed by Goodbred and Saito
(2011), where the migration of tidal channels arekks across tidal flats, contribute to
this fining up facies succession. The clay fractgdacidated from the first and second
principal components may represent the mud-drapek fluid-muds which may be
attributed to slack water or poor water flows fells, 1995).

In Marine sediments, the element profile of Caeseagally considered to reflect
the predominant abundance of biogenic calcite @&ral.,1998; Tjallingii et al., 2010).
There is known to be poor preservation of Ca@Qhe Sundarbans progradational lower
delta plain sequence relative to the marsh and rosagleposits of other deltaic systems
around the world (Allison et al., 2003).

There appears to be greater agreement found betaegiment provenance
proposed by Rogers et al. (2013) and sediment depwd model outlined here in terms
of distal sediment transport from fluvial sourceslected in the log-ratio pairs discussed.
The non-stationary signals found in elemental laigprpairs may be attributed to tidal
processes in the manner described by Dalrymple Gimal (2007). However, what is

further elucidated through the joint geochemical grain-size analysis approach is tha
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the Sundarbans, through the Dhanchi Island exampq@sented in this study reflects a
locally segmented & temporally complex system th@s not fall into a singular regime
classification given the complex relationship that exhibited by tidal variability
(Hanebuth et al., 2012). Furthermore, althoughrsedts may undergo reworking, what
has been found is a predominantly terrestrial souar sediments present in the
Sundarbans; this does not fit closely with the iogilon that the Sundarbans are
‘sediment starved’ as outlined by Gao and Colli2®1¢4). Rather, geographically
(Milliman and Farnsworth, 2011) and climaticallyifLet al., 2000; Gao and Collins,
2014) variable processes operate in producing aplemdepositional environment.
Sedimentary facies variability in the form of tidqalocesses can only be inferred in this
study by the diminished calcium variability fourichese tidal processes do not appear to
operate in isolation and may be coupled to somm fof monsoonal variability in the
manner proposed by Liu et al. (2000) for Asia arydRogers et al. (2013) more
specifically applied to the Sundarbans.

The utility of these calibrated geochemical proxiesm the Sundarbans is
illustrated in Fig. 7 from the Dhanchi Island coférough plotting the log-ratio pairs
there appears to be some oscillating trend throutgtice core, in particular with log-
transformed Zr and Rb (see Fig. 7). There is algtdacline in Zr nearer to the top of the
core (from a depth of 450 cm to the core surfa€hjs indicates a decline in zirconium,
and potentially an increase in rubidium. It is otiyough CoDa however that such a
trend can be illustrated in the first place asostly themselves possess the undesirable
property of asymmetry, meaning that conclusiongetams evaluation of the ratio of two

elements (e.g., A/B), cannot be directly translated equivalent statements about B/A
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(Weltje, 2012; Weltje et al., 2015). Taking thispapach further, the Rb and K log-
transformed data shown in Fig. 7, appear to refleettrend found in rubidium and
zirconium; with an oscillating trend throughout tt@re. However, there does not appear
to be any discernible increase or decrease in iwhidip core, with the log-ratio data
remaining somewhat unvarying.

The overarching trend would suggest a strong gelaliip between zirconium and
coarse grained sediment, as these sites are coetsitbereflect upward fining sequences
(e.g., Allison et al., 2003; Flood et al.,, 2015h particular the trend consists of
coarse/very coarse-silt and sand with a concomidationship between coarse clay and
medium/coarse-silt for rubidium. Furthermore, tlagiability of rubidium with potassium
would suggest an unvarying relationship betweerfitteegrained sediments. This might
indicate that fine-grained provenance is tied tbidium and potassium, with coarse
grained sediment provenance strongly linked toomiem. Ca geochemistry (shown in
Fig. 6 & 7) may be linked to some external enviremtal control, such as sea-level or
tidal inundation as calcium is generally only prasen liquid form in the marine
environment. Ca appears to correlate negativeliz &it Ti, K, and Rb in the Dhanchi
Island core. This decline in Ca with concomitardré@ases in Zr, Ti, K, and Rb (Fig. 7)
may be interpreted as reflecting terrestrial detigsediment flux with diminished marine
or carbonate deposition (or at least a marine goafovariability). Terrestrial sediment
flux therefore appears to be uncorrelated with i@@lying that sediment provenance is

independent of a marine or tidally driven source.

7. CONCLUSION
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Through CoDa it has been possible to calibrate-soasm derived XRF data, and produce
useful elemental proxies for analysing a clastdirsentary environment. When using the
LRCE calibration model coefficients to examine swetdistic sedimentary environments
in the Indian Sundarbans quantified data outpwgspassible, and combined with grain-
size data a broader understanding of the depoaitemvironment is possible. The lack of
a full elemental suite, attributed to a poorerdingt between weighted concentration and
intensity data, does not detract from the apprdacXRF core-scan calibration. The
elements that have been calibrated through the LRCHis study may be used to
demonstrate provenance (e.g., Zr, Rb, Ti, etc.)@ndesses of sedimentation (e.g., Ca)
in this area of the G-B delta. Ca has been fourtzbtthe optimum log-ratio denominator,
and when examined in a log-ratio framework, it niey used to distinguish between
marine-terrestrial sediment fluxes in a high-reBoluXRF dataset. Grain-size variability
modelled with calibrated geochemistry has showhZhand Rb are interpreted as robust
proxies for coarse and fine sediment depositiospeetively. A potential sedimentary
facies model for the Sundarbans through the PLS eitind approach allows
investigators to incorporate both depositional pra’enance variability. Future research
should focus on building a more constrained calibnamodel for the G-B delta, with
more sedimentary cores from different facies segeenand employing other
geochemical analyses tools (e.g., ICP-OES/MS). DREE & PLS approaches applied
in this study for calibration of sediments repres@mobust application of the principles
of CoDa, and it is recommended that future studiethe G-B delta and other delta
environments should seek to refine core-scanning ARd grain-size analysis in light of

the approaches outlined in this study.
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Accepted values (% concentration) for international geochemical
reference standards used in the Bruker AXS S1Cal Process calibration

Minimum values (following Mudrock calibration of PXRF)

Maximum values (following Mudrock calibration of PXRF)

software and subsequent LRCE.

Inter national geochemical reference standard Q;Z':lcl\e/e Origin Issuing Body Description K ca Fe 7r ca Ti Fe Rb 7r

GSD-1 GBW 07310 ChinalGGE IRMA IGGE Stream Sediment 2770 4.600 0.980 7.350 0.116 0.310 0.514 4.174 0.567 6.396 0.114 0.324 2.628
GSD-2 GBW 07302 China IGGE Stream Sediment 5.190 0.250 0.230 1.890 0.470 0.460 3.064 0.405 0.128 3.046 0.477 0.434 5.469
GSD-3 GBW 07303 China IGGE Stream Sediment 2.460 0.220 1.060 6.510 0.079 0.220 0.689 0.276 0.842 6.194 0.085 0.205 2.626
GSD-4 GBW 07304 China IGGE Pond Sediment 2230 7.520 0.890 5.900 0.130 0.188 0.559 6.792 0.522 5.583 0.130 0.178 2.260
GSD-5 GBW 07305 China IGGE Pond Sediment 2100 5.340 0.900 5.860 0.118 0.220 0.739 4.937 0.570 5.482 0.115 0.198 2.248
GSD-6 GBW 07306 China IGGE Stream Sediment 2.440 3.870 0.780 5.880 0.107 0.170 0.745 3.628 0.434 5.590 0.116 0.192 2425
GSD-7 GBW 07307 China IGGE Stream Sediment 3.550 1.660 0.750 6.490 0.147 0.162 0.738 1.589 0.484 6.355 0.142 0.157 3.523
GSD-8 GBW 07308 ChinalGGE IRMA IGGE Steam Sediment 142308 2.830 0.250 0.310 2.200 0.132 0.490 1.584 0.272 0.509 2.754 0.122 0.454 3.242
GSD-9 GBW 01309 ChinalGGE IRMA IGGE Sediment 300603 1.990 5.350 0.920 4.860 0.080 0.370 0.669 5.463 0.565 4.921 0.079 0.360 2.180
GSD-10 GBW 07310 China IGGE Stream Sediment 0.125 0.700 0.210 3.860 0.009 0.070 0.216 0.722 0.080 3.062 0.010 0.066 0.551
GSD-11 GBW 07311 China IGGE Stream Sediment 3.280 0.470 0.350 4.390 0.408 0.153 1.354 0.533 0.189 3.497 0.350 0.138 3.313
GSD-12 GBW 07312 China IGGE Stream Sediment 2910 1.160 0.250 4.880 0.270 0.234 1.149 1.064 0.070 4.088 0.250 0.207 2915
GSs1 GBW 07401 China IGGE Dark Brown Soil 2.590 1720 0.810 5.190 0.140 0.245 1173 1.588 0.620 4.986 0.145 0.252 2597
GSs2 GBW 07402 China IGGE Chestnut Soil 2540 2.360 0.450 3.520 0.088 0.219 1.586 1.990 0.305 3.771 0.101 0.209 2710
GSS3 GBW 07403 China IGGE Yellow Brown Soil 3.040 1270 0.370 2.000 0.085 0.246 2128 1.207 0.316 2.905 0.096 0.275 3.427
GSs4 GBW 07404 China IGGE Limy Soil 1.030 0.260 1.800 10.300 0.075 0.500 0.094 0.255 1.568 10.848 0.055 0.418 1.365
GSS5 GBW 07405 China IGGE Yellow Red Soil 1.500 0.095 1.050 12,620 0.117 0.272 ND 0.160 0.796 12.240 0.063 0.144 1774
GSS6 GBW 07406 China IGGE Yellow Red Soil 1.700 0.220 0.730 8.090 0.237 0.220 0.517 0.266 0.592 8.941 0.184 0.161 1.955
GSs7 GBW 07407 China IGGE Laterite Soil 0.200 0.160 3.360 18.760 0.016 0.318 ND 0.125 2.848 17.128 0.008 0.265 0.594
GSs8 GBW 07408 China IGGE Loess 2.240 8.270 0.630 4.480 0.096 0.229 0.790 7.925 0.266 4.433 0.102 0.217 2481
JD-1 Geological Survey of Japan GSJ Stream Sediment 2190 3.070 0.650 5.110 0.065 0.000 1.002 2.769 0.469 5.274 0.077 0.158 2.283
MAG-1 U.S. Dept. of the Int. Geo. Survey USGS-AEG Marine mud (Gulf of Maine) 3.550 1370 0.751 6.800 0.149 0.126 1412 0.369 0.266 3.958 0.149 0.114 2971

Ti Fe Rb Zr
4.523 0.870 6.681 0.127 0.334
0.438 0.281 3.122 0.510 0.461
0.350 1.091 6.878 0.087 0.245
7.260 0.828 6.129 0.137 0.195
5.386 0.832 6.133 0.120 0.211
4.007 0.700 5.915 0.122 0.204
1.743 0.764 6.644 0.155 0.178
0.387 0.686 3.260 0.156 0.504
5.996 0.847 4.943 0.094 0.375
0.915 0.289 4.352 0.016 0.096
0.578 0.399 3.692 0.396 0.157
1.223 0.291 4.462 0.266 0.235
1.804 0.854 5.511 0.152 0.276
2495 0.496 3.893 0.104 0.240
1.388 0.453 3.045 0.102 0.313
0.351 1.874 11194 0.075 0.463
0.189 1.140 12.979 0.069 0.176
0.316 0.841 9.236 0.205 0.185
0.224 3.342 18.074 0.014 0.304
8.408 0.562 4.827 0.106 0.241
3.063 0.687 5.283 0.084 0.177
0.531 0.625 4.476 0.173 0.136

ND: No data




Ca Fe K Rb Ti Zr
Ca 0O 08436 0.8486 0.9553 0.8735 0.8917
Fe 0.8436 0 1.2911 -10.2447 05525 0.8518
K 0.8486 1.2911 0 279561 6.2592 1.1371
Rb 0.9553 -10.2447 27.9561 0 423024 1.2566
Ti 0.8735 05525 6.2592 42.3024 0 11717
Zr 0.8918 0.8518 1.1371 1.2566 1.1717 0




Ca Fe Rb Ti Zr
Ca 0 1626 -0.4527 0.81838 0.7702 0.082
Fe -1.626 0 -35275 51179 0.1718 -1.5035
K 0.4527 3.5275 0 -37.787 -0.445 -0.0172
Rb -0.8188 -51.179 37.787 0 46.9791 -1.0694
Ti -0.7702 -0.1718 0.4449 -46.9791 0 -1.2133
Zr -0.082 15035 0.01717 1.0694 1.2133 0




Ca Fe Rb Ti Zr
Ca 0 0.00945 0.00793 0.01423 0.00697 0.01032
Fe 0.00945 0 0.00192 0.00872 0.00167 0.01209
K 0.00793 0.00192 0 0.00892 0.00119 0.00984
Rb 0.01423 0.00872 0.00892 0 0.00829 0.00914
Ti 0.00697 0.00167 0.00119 0.00829 0 0.01067
Zr 0.01032 0.01209 0.00984 0.00914 0.01067 0




Ca Fe Rb Ti Zr
Ca 0 0.00951 0.00798 0.01435 0.00704 0.01044
Fe 0.00951 0 0.00194 0.00881 0.00168 0.01217
K 0.00798 0.00194 0O 0.00909 0.0012 0.00987
Rb 0.01435 0.00881 0.00909 0 0.00833 0.0092
Ti 0.00704 0.00168 0.0012 0.00833 0 0.01068
Zr 0.01044 0.01217 0.00987 0.0092 0.01068 0




Ca Fe Rb Ti Zr
Ca 0 09399 0.9602 0.9122 09593 0.9104
Fe 0.9399 0 05076 02524 04248 0.6758
K 0.9602 0.5076 0 03844 00773 0.7085
Rb 09122 0.2524 0.3844 0 04952 0.7768
Ti 0.9593 04248 0.0773 0.4952 0 0.6912
Zr 0.9104 0.6758 0.7085 0.7768 0.6912 0
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Highlights
* Multivariate statistical modelling of grain-size and geochemistry from the
Holocene Ganges-Brahmaputra delta
e Compositional data analysis through log-ratio calibration and partial least
squares modelling approaches for proxy depositiona information
* Methodological framework for unravelling Holocene sedimentation patterns

in the Ganges-Brahmaputra delta



