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Abstract
The elemental composition of sediments in rivers is the product of physical and chemical erosion of rocks,
which is then transported across drainage networks. A corollary is that fluvial sedimentary geochemistry can be
used to understand geologic, climatic and geomorphic processes. We develop a simple methodology to predict
elemental compositions of river sediments from digital elevation data and geochemical maps using erosional
models. We test these models using a new sedimentary geochemical dataset from carefully chosen sample sites.
Sediment compositions are predicted by formally integrating eroding substrates with known compositions across
drainage basins. Different parameterisations of erosional models, including the Stream Power formulation and
uniform incision rates, are tested. Substrate chemistry was determined from the G-BASE geochemical survey.
Predictions are tested using a new suite of compositions obtained from fine grained (< 150 µm) sediments at
67 sites along the Spey, Dee, Don, Deveron and Tay rivers, Cairngorms, UK. Results show that sedimentary
geochemistry can be predicted using simple models that include the topography of drainage networks and
substrate compositions as input. Our predictions in this location are insensitive to the choice of erosional
model, which we suggest is a consequence of broadly homogeneous rates of erosion throughout the study area.
Principal component analysis of the river geochemical data suggests that the composition of most Cairngorms
river sediments can be explained by mafic/felsic provenance and conservative mixing downstream. Successful
prediction of sedimentary geochemistry suggests that inverting the composition of ancient sedimentary rock
might allow quantitative reconstruction of specific past environmental conditions.

Plain Language Summary
The chemistry of sediments in rivers is used to understand many geologic, climatic and biotic processes including
climate change and mountain building. For example, geochemical data acquired along rivers have been used
to constrain rates of CO2 drawdown. Acquiring observations of river chemistry and testing their sensitivity
to physical and chemical processes (e.g. tectonics, weathering, climate) is generally challenging. Therefore,
developing methods to predict the composition of river sediments from first principles, or from readily available
data, is attractive. We address this problem by combining maps of geochemical data with models of erosion
to predict the composition of river sediments. These predictions are tested using new observations from the
Spey, Dee, Don, Deveron and Tay rivers, which drain the Cairngorms mountains, UK. The model predictions are
mostly correct. Results suggest that the chemistry of river sediments are primarily mixtures of the composition
of source regions. Physical erosion and the shape and connectivity of drainage basins controls the chemistry of
river sediments downstream, other processes (e.g. storage) appear to play secondary, moderating, roles. In the
Cairngorms, we find that most river sediment geochemistry can be related to mixing of just two types of igneous
rock (mafic and felsic).

1 Introduction

The elemental composition of river sediments is determined by
the chemistry of the eroding substrate (e.g. bedrock, soils) and
modified by processes including chemical weathering, cation
exchange and hydrodynamic sorting (e.g. Bouchez et al. 2011,
2012; Lupker et al. 2016). Consequently, river sediment compo-
sitions are used to investigate controls on chemical and physical
weathering rates (e.g. climate change, tectonics, geomorphic
processes; Gaillardet et al. 1999; Riebe et al. 2003; Blanck-
enburg et al. 2012). Geochemical studies of fluvial sediment
commonly make use of samples along rivers to qualitatively
infer climatic or erosional processes upstream. In such stud-
ies, assumptions about how the upstream signal is integrated

downstream are common, e.g. ‘let nature do the averaging’
(Blanckenburg 2005; Weltje 2012; Romans et al. 2016; Garzanti
et al. 2018 and references therein). Studies of this type repre-
sent a step towards making use of fluvial sedimentary signals
preserved in the geological record to constrain surface processes
on geological timescales.

The central aim of this study is to develop and test methodolo-
gies that can predict the composition of river sediments at any
position in a drainage basin. Whilst geostatistical approaches to
interpolate geochemical data along stream networks have been
proposed (e.g. Kim et al. 2017), we instead take a determin-
istic modelling approach incorporating quantitative, objective,
evaluation of assumptions about how physical and chemical
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signals propagate through fluvial systems. The ultimate aim
is to accurately predict sediment compositions at river mouths
where sediments are transferred to the marine realm and can
be preserved as stratigraphy. The forward models developed in
this study are a step towards inverting stratigraphic records for
histories of physical and chemical surface processes (see Straub
et al. 2020).

Modelling of surface processes has become increasingly
tractable due to the availability of high resolution topographic
data and computationally efficient landscape evolution models
(e.g. Braun et al. 2013; Hobley et al. 2017; Salles et al. 2018;
Salles 2019). These advancements have made it possible to
make testable predictions about a range of observable character-
istics such as exhumation rate and fluvial sedimentary flux (e.g.
Fernandes et al. 2019).

Recently, landscape evolution models have been modified to
make theoretical predictions about sediment provenance (e.g.
Sharman et al. 2019). Predictions from such models could
be tested using, for example, geochemical observations. Mak-
ing testable predictions of sediment chemistry along drainage
networks requires information of the chemistry in the source re-
gions. It remains unclear at what density the source region must
be physically sampled to make accurate predictions of down-
stream sediment compositions. We therefore start by making
use of high resolution regional geochemical surveys, generally
produced for environmental monitoring and mineral exploration
purposes Garrett et al. 2008. These inventories can span large
regions and contain samples acquired at regular intervals with a
consistent methodology, which make them ideal for our purposes
(e.g. Smith et al. 2013; Caritat et al. 2016).

In this study we make use of the high resolution Geochemical
Baseline Survey of the Environment (G-BASE), UK, combined
with a new complementary dataset of higher-order river sediment
geochemistry gathered specifically for this study (Johnson et al.
2005). The G-BASE survey produced elemental chemistry of
sediment samples acquired principally from low-order streams
across the UK. The G-BASE survey is distinguished from other
geochemical surveys by its high spatial sampling density. G-
BASE samples the UK with an average density of 1 site per 2
km2. We note that other large scale base-line surveys exist but
often at lower densities, for example, the National Geochemical
Survey of Australia samples at a density of 1 site per 5,500 km2.

Model predictions are tested using a new inventory of 67 sam-
ples acquired for this study along higher-order rivers draining
eastern Scotland, UK. We focus on the Spey, Tay, Dee, Don
and Deveron rivers, which drain the Cairngorms massif and sur-
rounding region of northeastern Scotland, UK (Figure 1). This
region contains some of the highest topography in the UK. It
also contains significantly variable geological units (Figure 1b).
For example, the Cairngorms massif contains Paleozoic granites
and mafic rocks intruded into sedimentary and metasedimentary
rocks. The diverse array of lithologies, combined with high
natural sediment supply provides an opportunity to explore the
roles that substrate geochemistry and erosional processes play
in determining fluvial sediment geochemistry.

2 Methods

2.1 Predicting sediment geochemistry

The downstream composition of river sediment can be predicted
using information about the properties of eroding substrate (e.g.
elemental composition of lithologies) and incision rates, ∂z/∂t
(where z is elevation and t is time). The latter can be estimated us-
ing geologic or geomorphic observations and from topographic
data. First, consider some spatially variable and measurable geo-
chemical characteristic of sediment, C (e.g. wt% MgO, where
wt% = weight percent). By assuming instantaneous transport of
eroded sediment, the composition of river sediments Csed along
a river of length L is given by

Csed =
1∫ L

x
∂z
∂t (x)dx

∫ L

x

∂z
∂t

(x)C(x)dx. (1)

This expression calculates the contribution of source regions to
the value of Csed —by integrating the product of composition
and incision rate with respect to distance downstream between
positions x and L. Importantly, the contribution of elements
from each eroding patch of the landscape are normalised by
total sedimentary flux.

A suite of observational and theoretical approaches exist to
calculate incision rates and sedimentary fluxes at a range of
spatial and temporal scales (e.g. Syvitski et al. 2007; Holbrook
et al. 2014; Stephenson et al. 2014). For example, cosmogenic
dating of fluvial terraces and erosion of radiometrically dated
basalt flows constrain incision rates at spot locations on time
scales of 1 kyr to 1 Myr (e.g. Karlstrom et al. 2008; Stucky
de Quay et al. 2019). Erosional models are also frequently used
to calculate incision rates continuously across a landscape.

We first examine predictions from the widely used Stream Power
erosional model, which relates incision rates to discharge and
slope, ∂z/∂x, through a power law relationship (e.g. Howard
et al. 1983; Rosenbloom et al. 1994; Tucker et al. 2002). This
model for fluvial erosion is simple, widely applied in a range
of different environments and can be readily extended to con-
sider other factors such as ‘diffusive’ geomorphic processes. It
represents therefore a reasonable starting point for predictive
modelling of fluvial sedimentary geochemistry. Using upstream
drainage area, A(x), as a proxy for river discharge results in
the following Stream Power formulation of fluvial incision rate
along rivers

∂z
∂t

= −vA(x)m
(
∂z
∂x

)n

, (2)

where v, m, and n are independent parameters that can be cal-
ibrated using the topology of drainage networks and indepen-
dent geologic data. This formulation is often presented as
E(x, t) = −vAmS n, where S is slope and E is erosion rate. The
Stream Power model can be generalised to two spatial dimen-
sions (e.g. x and y), such that, when n = 1,

∂z
∂t

= −vAm∇z. (3)

The composition of eroded and transported sediment can there-
fore be predicted throughout a landscape by combining Equa-
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Figure 1: Introduction to studied region: Scotland, UK. (a) Topography from SRTM1s data set gridded to 200 × 200 m
squares. Blue = rivers from CCM2 database (Jager et al. 2010). Rivers labelled: S = Spey, Dv = Deveron, Dn = Don, De =
Dee, T = Tay. Inset map shows locality of study region within the rest of UK. (b) Geological map showing key lithologies: FIg
= Ordovician to Devonian felsic igneous intrusions; MIg = Ordovician to Silurian mafic igneous intrusions; SR = Sedimentary
rocks, mostly Devonian sandstones; MS = Metasedimentary rocks, mostly Neoproterozoic psammites. See mapapps.bgs.ac.uk/
geologyofbritain/home.html for full geologic key; reproduced with the permission of the British Geological Survey UKRI,
all rights reserved. (c) Black circles = G-BASE sample localities overlain on river catchments. (d) Symbols × and + indicate
localities where single and duplicate samples were acquired, respectively. Numbers = localities.
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tions 1 and 3. We make use of topographic data, z(x, y), and
continuous maps of source region geochemistry, C(x, y), to pa-
rameterise these equations. We start by assuming spatially con-
stant erosional parameter values to predict incision and flux
(Figure 2a-d). Initially we use the linear form of the Stream
Power model as it is tractable and has been applied successfully
on both small scale and regional scales. For example, inversions
of large inventories of river profiles have found that n ' 1 and
0.2 ≤ m ≤ 0.7 produce theoretical river profiles that best fit ob-
served longitudinal river profiles in continents including Eurasia,
North and South America, Africa and Australia (e.g. Paul et al.
2014; Fernandes et al. 2019). Therefore, we start by setting
n = 1 and m = 0.35. We acknowledge that a range of different
values of m and n are preferred and systematically test the effect
of changing these parameter values for our results (see Whipple
et al. 2002 and references therein). The parameter v is often
interpreted as representing bedrock erodibility. For this study,
v is assumed to be constant across the region, meaning that the
predicted composition of sediment (Equation 1) is independent
of the specific value of v.

Equations 1 and 3 are implemented using the LandLab pack-
age in python 3 (Van Rossum et al. 2009; Hobley et al. 2017).
The SRTM1s topographic dataset was gridded to 200 × 200 m
squares following a cylindrical equal-area projection centred
on our study area using GMT 5.4.5 (Farr et al. 2007; Wessel
et al. 2013). Depressions in the topography were filled using
the ‘priority-flood’ algorithm and flow directions are computed
using the ‘D8’ algorithm (Barnes et al. 2014). Code to repro-
duce our implementations of Equations 1 and 3 are provided
(see Acknowledgements for access details).

2.2 Source region chemistry: G-BASE inventory

Maps of source region geochemistry were generated using the
G-BASE stream sediment survey, courtesy the British Geolog-
ical Survey (BGS; Johnson et al. 2005). The G-BASE survey
sampled the fine (< 150 µm) fraction of bedload sediments in
first and second order streams across the UK; sample density
is ∼ 2 km2 in our study area. A broad suite of elements were
measurement from each sample. For most elements within our
study region Direct Reading Optical Emission Spectroscopy was
used for the analysis. Delayed Neutron Activation was used to
measure Uranium. Details of the G-BASE sampling, analyti-
cal and quality control procedures are given by Johnson et al.
(2018a,b). The G-BASE sample sites for our study area are
shown in Figure 1c.

The concentration of most elements in the G-BASE dataset has a
log-normal distribution. Therefore, to generate continuous maps
of elements we interpolated the log10 transform of the wt% of
each element. The interpolated grids have a resolution of 200 ×
200 m (Figure 2e,f). The observations were interpolated using
the continuous curvature splines methodology of Smith et al.
(1990) with tension factor of 0.25. Varying the tension factor
between 0 and 1 made negligible difference to predictions.

2.3 Higher order river sediment sampling and analysis

2.3.1 Sampling

The G-BASE dataset does not contain samples from higher order
rivers. To evaluate our model we therefore sampled fine grained

sediments along the Spey, Tay, Dee, Don and Deveron rivers in
August 2019. 67 sample sites were chosen to include uppermost
reaches of the rivers, major tributaries, downstream of tributary
outlets and close to the river mouths (Figure 1d). To maintain
consistency between the model input data and our test dataset,
the sampling procedure was identical to the original G-BASE
approach and used the same equipment (Figure 3a).

Bedload sediment was extracted by shovel from the active chan-
nel of the river. Examples of sample sites are shown in Figure
3b-d. For practical reasons we focused on deposits near to the
bank (e.g. Figure 3c,d). If multiple shovel loads were required,
as much as was possible, they were extracted from the same
point in the channel bottom. The extracted sediment was first
shaken through a 2 cm metal grill to remove pebbles. Subse-
quently, the wet sediment was deposited on a sieve stack on top
of a fiberglass collecting pan. Using rubber gloves the sediment
was rubbed through a 2 mm nylon mesh and washed through
with a small amount of river water. This upper mesh was re-
moved and the < 2 mm sediment fraction was then rubbed and
washed through a 0.15 mm nylon mesh into the collecting pan
beneath. This procedure was repeated until ∼ 100 g of sediment
had collected in the pan. The collecting pan was left undis-
turbed and covered for 20 minutes to allow sediment to fall out
of suspension. Excess water, which contained some very fine
sediment in suspension, was carefully decanted leaving a slurry
of sediment behind. This slurry was homogenised and poured
through a funnel into a labelled reinforced paper sample bag.
Any sediment residue was then washed into the sample bag with
a small amount of water. The bag was sealed and placed in a
sealed plastic bag. A video showing the sampling procedure can
be found in the Supporting Information.

To limit cross-contamination, the sampling kit was washed in
river water, downstream of the site, before and after sampling.
Sample numbers were pre-allocated in a randomised order. For
example, localities 1, 2 and 3 had pre-allocated sample numbers
CG020, CG062 and CG044 respectively. This randomisation
was performed to avoid systematic bias during preparation and
analysis, when samples were handled in numeric order (Johnson
et al. 2018a). At the end of each field day samples were dried
in paper bags until they had the consistency of modelling clay.
Special care was taken to avoid contaminating samples at this
stage. The dried sediments were then placed into polyester bags
and sealed again. After the sampling was concluded, samples
were freeze-dried for storage before analysis.

2.3.2 Geochemical Analysis

The freeze dried samples were disaggregated with a rubber mal-
let and homogenised by cone-quartering. 20 g of the homoge-
nized sample were then powderised in an agate ball mill. ∼ 0.25
g of powder were weighed into Savillex tubes for digestion. The
samples were pre-digested in HNO3 to remove organic com-
pounds. Subsequently the samples underwent hotplate mixed
acid (HF, HNO3 and HClO4) digestion over a ramped heating
procedure. After digestion the samples were resolubilised in
aqueous HNO3 and H2O2. The liquid samples were then anal-
ysed for a full suite of elements by Inductively Coupled Plasma
Mass Spectrometry. Comparison to external and internal stan-
dards indicates that some elements (particularly Zr and Hf) were
only partially digested suggesting a residue of particularly chem-
ically resistant minerals such as Zircon. The majority of other
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elements in the standards were successfully reproduced. All
sample preparation and analysis was carried out at the BGS
Inorganic Geochemistry Facility in Keyworth, UK.

For the remainder of this study we focus on the following 22
elements, which were consistently recorded in the G-BASE
inventory: Ba, Be, Ca, Co, Cr, Cu, Fe, K, La, Li, Mg, Mn, Ni,
Pb, Rb, Sr, Ti, U, V, Y, Zn and Zr. The new data set of chemistry
for higher-order rivers is provided (see Acknowledgements for
access details).

2.3.3 Nested duplicate and replicate analysis

The goal of our study is to identify and predict geochemical
differences between sample sites, i.e. intersite variability. These
intersite differences may however be obfuscated if there is geo-
chemical heterogeneity within each sample site, or introduced
by our analytic procedure. To investigate the ability of our pro-
cedure to identify regional geochemical signals we conducted a
nested sampling procedure (Figure 3e). Nested sampling proce-
dures are commonly used in geochemical surveying to quantity
the amount of intersite, intrasite and intrasample variability and
hence evaluate the success of the sampling and analytical proce-
dure.

We implemented this nested procedure by gathering duplicate
samples at four randomly chosen localities (Figure 1d). The
duplicate samples were gathered exactly as described above
but at a distance of ∼ 100 m from the previous sampling point.
Prior to powderisation, each homogenised duplicate sample was
then split into two ‘replicate’ samples to investigate intrasample
variability such that each duplicated site yields four analyses
(Figure 3e).

We use a nested Analysis of Variance (ANOVA) to quantify
the intersite, intrasite and intrasample variance for each of the
studied elements in the 16 replicate/duplicate samples (Garrett
1969). Nested ANOVA partitions an element’s variance (the
spread of values for a given element, given by σ2) into specified
hierarchies (e.g. Figure 3e). In doing so it reveals the contribu-
tion from intersite, intrasite and intrasample variability towards
an element’s variance. Because the elements had a log-normal
distribution we perform ANOVA on each element after applying
a log10 transform. The proportion of variance in each hierarchy
is shown in Figure 3f. The intersite variance accounts for > 90
% the total variability for most elements. This indicates that
regional geochemical signals dominate over local variability. In
most instances, the intrasample variance, which mostly reflects
measurement uncertainty in our analytical procedure, is negli-
gible. For Be, the relatively high intrasample variance is also
reflected in the digestion repeats where Be shows variability
between the repeats. Given that the intrasample variability is
so small for all elements we use the arithmetic mean of the two
replicates to represent the duplicate value for subsequent analy-
ses. We conclude that our sampling and analytical methodology
is successful in identifying meaningful regional geochemical
signals between sample sites.

3 Results
Figure 4a shows observed sediment Mg concentrations and
model predictions. Figures 5 and 6 show results for elements
that are well and poorly matched by predictions. Results for

all other elements are displayed in Figures S1 and S2 of the
Supporting Information.

The model predictions show significant variability in sediment
geochemistry, even within relatively small areas. For example,
the Don has a higher theoretical Mg concentration at its mouth
than the Dee, despite being separated by only ∼ 4 km (Figure
4). River chemistry is predicted to evolve along river channels.
The Dee, for example, has very low predicted concentrations
of Mg in its upper reaches but sediment becomes progressively
more enriched in Mg towards its mouth. Variability on this
scale can be observed in the predictions for all elements. Visual
inspection of maps showing observed and theoretical sediment
chemistry indicates that our simple model, which incorporates
substrate chemistry and drainage networks, can reliably predict
river sediment chemistry for many elements.

We formally compare the observed and predicted elemental con-
centrations by calculating Root Mean Square (RMS) misfit and
R2 values. These statistics are calculated using the log10 trans-
formed data for two reasons. First, the data has a log-normal
distribution, and secondly, if raw data (wt%) was used, strong
heteroscedasticity was observed, which violates the underlying
assumptions of the chosen statistics. To extract model predic-
tions for each observation we select the closest model cell that
exists in a channel (defined as a cell with upstream area > 25
km2). This procedure was checked manually for each locality.
These statistics are given for every element alongside the results
maps (Figures 4, 5, 6, S1, S2).

The misfit is calculated as the difference between the (log trans-
formed) predicted and observed values, i.e. xobs − xpred. In most
instances the misfits of the elements are distributed around 0
indicating limited bias. Ca is an example of an exception in that
it appears consistently under-predicted by our model, despite
a relatively high R2 value (Figure 5d). This constant offset is
most likely a consequence of processes that are not considered
in our simple model. Zr shows a similar pattern but in this case
it is over-predicted (Figure 6b). This result is consistent with
our observation that the analytical method only partially digests
resistate minerals which host Zr. Plotting the misfits spatially
shows no spatial bias (e.g. Figure 4b). Inspection of the cross
plots for each element shows that the fitted regression lines are
generally close to the target 1:1 line.

The RMS and R2 values for every element are displayed graphi-
cally in Figure 7a. For multiple elements, such as V, Rb, U and
K, the predictions account for > 70 % of the observed variability
(Figure 5). For most elements the R2 value is > 0.5, which
indicates that the model successfully captures the majority of
the observed variability.

3.1 Model sensitivity

We quantified the extent to which our model predictions are
sensitive to erosional parameters by changing the values in the
model and observing resultant model predictions. We find that
our model is insensitive to different parameter values. Changing
the value of the exponent n between 0–2 in Equation 2 has a
very limited effect on the predicted geochemistry and only very
weakly affects the model fit (Figure 4c; Figure 7b,c). Similarly,
using a different m value of 0.6 also had a small effect on model
fit (Figure 7b,c). Assuming a completely homogeneous incision
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are shown in Figure 4 and Supporting Information (Figures S1, S2).
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rate across the studied area has only a minor effect on model
fitness (Figure 7b,c).

By contrast, our model is very sensitive to the geochemical in-
put. If the geochemical input is changed, the model predictions
are much worse. We explored this sensitivity first by spatially
randomising the original G-BASE input prior to interpolation
and secondly by using an equally sized rectangle of G-BASE
data from an arbitrary chosen part of the UK (Wales). These
alternative inputs are shown in Figure 3 of the Supporting In-
formation. Using these different geochemical inputs results in
much lower R2 values for all elements and a significantly higher
RMS misfit. Consequently, the success of our model when using
the ‘true’ G-BASE dataset is not simply coincidental and reflects
a succesful integration of the upstream geochemistry. This result
emphasises that input geochemistry must be known in some
detail to make inferences of downstream geochemistry.

4 Discussion

4.1 Predicting sediment geochemistry

The results of the ANOVA indicate that regional variations in
river sediment geochemistry dominate over local heterogeneity
(Figure 3). Whilst processes such as hydrodynamic sorting and
grainsize are generally agreed to affect sediment geochemistry
locally, these effects appear to be subordinate to larger regional
signals. In this study we account for the effect of sorting using a
relatively simplistic process (simply sampling a constant grain-
size fraction) but it is likely that more sophisticated measures
based on hydrodynamics would better resolve the larger regional
signals (e.g. Lupker et al. 2011).

The success of our model indicates that river sediment geo-
chemistry is primarily controlled by conservative mixing of
heterogenous source regions. The lack of bias suggests that
in-transit modification of sediments by processes such as weath-
ering is a secondary effect, consistent with a recent study of
Boron isotopes (Ercolani et al. 2019). An exception to this could
be Ca, the concentration of which our model consistently under-
predicts. It is possible that cation exchange with the dissolved
load could possibly account for this effect, as dissolved Ca is
observed to adsorb onto riverine sediments (Cerling et al. 1989).
We note that our study area has a relatively temperate climate
and does not contain protracted periods of sediment storage in
floodplains. Both these factors reduce the possibility of in-transit
weathering. The composition of sediments in the Amazon and
Ganges rivers, which do have large tropical floodplains, have
been interpreted in terms of in-transit sediment modification
(Bouchez et al. 2012; Lupker et al. 2012). Nonetheless, in the
absence of protracted sediment storage, we suggest that down-
stream changes in sediment geochemistry should be interpreted
primarily as a result of mixing of different source regions not
in terms of changing intensity of a particular process. Whilst
we consider only elemental geochemistry in this study, similar
consideration could perhaps also be applied to sediment hosted
isotopic proxies (e.g. Lithium isotopes, δ7Li).

4.2 Model sensitivity

Predicted compositions are very sensitive to geochemical input,
which suggests that the first order control on river sediment geo-
chemistry is the distribution of source rocks in their catchments.

The dependence on source composition is also a consequence
of drainage basins containing fluvial networks that have spe-
cific topologies (i.e. geometries and spatial relationships). In
contrast, we found that model predictions were insensitive to
the fluvial erosional models we tested. We suggest that these
results are a consequence of our choice of study area, which
probably had a stable Holocene erosional regime. In other re-
gions, where the erosion rates are more spatially variable (e.g.
across active faults), we might expect to observe divergence
between geochemical predictions from different erosional mod-
els. An analogous study to our own, but in a more tectonically
active area, would likely allow different erosional models to be
discriminated.

4.3 Controls on Cairngorm river sediment composition

A key question is what controls the spatial distribution of ele-
mental concentrations that we have recorded in our river samples.
So far we have considered each individual element separately,
which effectively results in a 22 dimensional dataset. This high
dimensionality makes interpretation challenging. To simplify
interpretation, we apply Principal component analysis (PCA)
to the higher-order river dataset following a centred log-ratio
transformation (Aitchison 1983). PCA is a widely used dimen-
sion reduction technique, increasingly applied in sedimentary
geochemical analyses (e.g. Vermeesch et al. 2015). PCA works
by projecting the raw data onto a smaller number of principal
components along which the variance is maximised. Hence by
selecting components which contain large amounts of variance,
the dimensionality of the dataset is reduced.

For our dataset, 67 % of the total variance is contained on the
first principal component (Figure 8d). Inspection of the loadings,
i.e. the weightings of the original variables, on the first princi-
pal component suggests that it corresponds to a discrimination
between mafic and felsic rocks (Figure 8c). Generally, elements
with positive loadings are compatible (e.g. Cr, Mg, Ni) whereas
elements with negative loadings are incompatible (e.g. Be, K,
U). This distribution is confirmed by projecting the G-BASE
data onto this component. The resulting map, shown in Figure
8a, clearly defines different geological units (Figure 1b). The
felsic intrusions are highlighted in blue, relative to the more
mafic rocks shown in red.

This result suggests that the Cairngorms river sediments can
be well described simply in terms of having either mafic or
felsic source regions. Projecting the predicted and observed
sediment compositions onto this principal component confirms
this result (Figure 8b). The Spey and Dee rivers are generally
more felsic, whereas the Don and Deveron are mafic. The
Tay catchment includes both mafic and felsic lithologies, and
hence river sediments at its mouth have a more intermediate
composition. This analysis emphasises the sensitivity of river
sediment compositions to the source region geochemistry. The
Don and Dee have contrasting mafic and felsic sediments but
for much of their length they share a common watershed and are
separated at the mouth by only ∼ 4 km.

4.4 Applications and further work

Geochemical surveys such as G-BASE are widely used as base-
lines for environmental monitoring. Higher order rivers are
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rarely included in sampling campaigns (for an exception see
Fordyce et al. 2004). Consequently, a generic baseline for envi-
ronmental monitoring of higher order river sediments is lacking.
Extending baseline surveys to include sediments contained in
higher-order river sediments, which, as this study shows, in-
tegrate geochemistry of their upstream region, is worthwhile.
Predictive models such as the one we propose, which utilise
survey data as input, could be used to make baseline predic-
tions for higher-order rivers. In places where direct geochemical
observations of source regions are sparse, substrate chemistry
could be estimated from geological maps and potential field data
(e.g. Kirkwood et al. 2016; Wilford et al. 2016)

Our approach of comparing model predictions to real observa-
tions allows for critical evaluation of hypotheses about geochem-
ical and geomorphic processes. By evaluating the success of
predictions from different erosional models we are implicitly
testing hypotheses about which different geomorphic processes
are operating. Whilst in our study these different models are
relatively equally successful, in alternative regions, an approach
akin to one we propose could be used to test different geomor-
phic assumptions. Furthermore, specific instances where our
predictions fail can be used to improve our understanding of geo-
chemical processes. For example, Mn is poorly explained by any
model assuming conservative mixing of source regions (Figures
6, 7). We conclude therefore that some other processes, beyond
source region mixing, are acting to control the Mn concentration
in sediments in our studied rivers.

We have demonstrated that sediment geochemistry can be pre-
dicted in rivers from a model that assumes conservative mixing
given well constrained source region geochemistry. Here, in-
cision is described by a Stream Power model, although most
conservative mixing models appear successful. This predictable
behaviour of river sediments suggests that their compositions
could be formally inverted to obtain maps of geochemistry in
drainage basins. We consider just one time-step in our model,
however, it is trivial to extend this model to produce predic-
tions through time. Hence, our approach can be used to forward
model, and possibly invert, geochemical signals within the strati-
graphic record.

5 Conclusions

We develop a model to predict the geochemical composition of
higher order river sediments using erosional models and maps of
source region geochemistry. This scheme is tested in a case study
of the Cairngorms, UK. Statistical analysis of point measure-
ments gathered across the region show that regional geochemical
variability dominates over local heterogeneity. The model accu-
rately predicts observed concentrations of most elements. For
our chosen region, the predicted sediment geochemistry is insen-
sitive to the erosional parameters chosen, which is likely due to
the specific geomorphic characteristics of our study area. By con-
trast, we find that sediment geochemistry is highly sensitive to
the spatial distribution of the source region geochemistry. River
sediment composition is primarily set by conservative mixing
of heterogeneous source regions, which can be predicted using
simple erosional models. In the Cairngorms, river sediment geo-
chemistry can be described simply in terms of a mixture of mafic
and felsic source regions. Our predictive scheme indicates that
quantitative modelling, and inversion, of geochemical signals in

the stratigraphic record would likely be successful in revealing
the long-term evolution of surface processes.

Data and Code Availability
Code and data is available at github.com/AlexLipp/
predict-river-chem and archived at the point of submission at
doi.org/10.5281/zenodo.3839551.
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Supplementary Figure 1: Results for other elements modelled by our approach. This figure is interpreted in the same way as
Figures 5 and 6 in the main document
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Supplementary Figure 2: Results for other elements modelled by our approach. This figure is interpreted in the same way as
Figures 5 and 6 in the main document
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Supplementary Figure 3: Results for Mg when different geochemical inputs are made. a) Interpolated G-BASE grid taken from
elsewhere in UK, here Wales/Herefordshire. b) Results of using this input compared to observed data. c) Interpolated grid created
when randomising the Cairngorms GBASE samples. d) Results of using this input compared to observed data.
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