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Sediment fingerprinting in data sparse regions, such as the mountainous areas of Iran, is more suited to a
confluence-based sample design wherein tributary sub-basins are characterised by sediment samples using
different size fractions. Our objective was therefore to fingerprint spatial source contributions to the < 37 and
37-63 um fractions of fine-grained channel bed sediment samples collected in a large erodible mountainous river
basin in Iran based on a number of statistical and machine learning approaches. Geochemical elements were
measured in channel bed surface drape sediments from seven sub-basins and in delivered sediments from the
basin outlet. A Bayesian mass balance model (modified MixSIR) was applied to apportion sub-basin spatial
sources with four composite signatures selected using the different statistical approaches. For the < 37 and
37-63 um fractions, the signatures all indicated that sub-basins 3 (Andajroud; 46.7%) and 7 (Ninehroud; 36.8%)
were the dominant spatial sources of the fine-grained bed drape sediment samples, respectively, identifying the
most active erosional zones spatially. The statistical error between known and predicted spatial source contri-
butions using virtual mixture tests for both size fractions demonstrated the importance of using multiple different
composite fingerprints to decrease the model prediction uncertainties. Despite the difficult terrain in such data
sparse areas, the source fingerprinting approach provides a basis for assembling new evidence which, in turn, is

of interest to scientists and managers alike.

1. Introduction

Accelerated erosion and sediment delivery rates are causing detri-
mental on-site and off-site impacts around the world, including land and
water quality degradation, reduced crop yields and siltation of water-
courses and reservoirs, with concomitant impacts on aquatic ecology
and water treatment costs (Borrelli et al., 2017; Guerra et al., 2017;
Pimentel and Burgess, 2013; Wilkes et al., 2019). Understanding the key
sources of sediment therefore remains a critical need for policymakers,
environmental agencies and basin managers to target the selection of
appropriate mitigation measures for implementation on the ground.

Conventional approaches for sediment source monitoring are costly
and impractical to deploy at large scales (Collins and Walling, 2004;
Loughran and Campbell, 1995). The uptake of source fingerprinting has
therefore accelerated over the last decade (Owens et al., 2016; Tang
et al.,, 2019; Walling, 2013; Walling and Foster, 2016; Walling and
Collins, 2016). Various tracers can be used to distinguish potential
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sources of sediment meaning that the fingerprinting approach is suffi-
ciently flexible to deliver robust results in a wide range of geographical
contexts (Bahadori et al., 2019; Chen et al., 2017; Collins et al., 2017;
D’Haen et al., 2013; Haddadchi et al., 2013; Miller et al., 2015; Minella
et al., 2008; Nosrati et al., 2011; Owens et al., 2016; Palazén and Navas,
2017; Tiecher et al., 2015; Walling, 2005; Walling and Collins, 2008). In
short, fingerprinting procedures comprise two fundamental steps:
source discrimination and source ascription. The former frequently re-
lies on statistical procedures to identify the best subset of tracers or so-
called composite signatures. For the latter, mass balance un-mixing
models are used to determine the proportions contributed by distin-
guishable sources to target sediment samples collected downstream of
those sources (Collins et al., 2017; Owens et al., 2016). Previous work
using un-mixing models has applied either frequentist or Bayesian ap-
proaches (Collins et al., 1997a; Davies et al., 2018; Devereux et al.,
2010; Haddadchi et al., 2014; Hughes et al., 2009; Sanisaca et al., 2017;
Upadhayay et al., 2020). In the case of Bayesian approaches, one
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available model is Modified MixSIR (Nosrati, 2017; Nosrati and Collins,
2019a; Nosrati et al., 2018; Nosrati et al., 2019; Nosrati et al., 2014) and
these studies provide more detail on the statistical approaches presented
herein as well as valuable background information as to how weathering
indices can be used in sediment source tracing investigations.

Sediment source apportionment can be a challenging task given the
spatio-temporal variation in soil erosion and the increasing complexities
of erosion and sediment delivery with increasing basin scale. As one
practical means of simplifying such complexity within the context of
assessing sampling needs, sediment source fingerprinting procedures
can adopt a sample design wherein landscape spatial units are charac-
terised by targeted sediment sampling. Here, sediment sampling is used
to provide spatially- and temporally-lumped characterisation of the
properties of sediment delivered from different landscape units. Clearly,
such an approach potentially reduces detail on temporal variability in
tributary sub-basins sediment sources (Gellis et al., 2017). Where these
units are arranged according to tributary sub-basins, the sampling
design is commonly referred to as the confluence-based approach. This
sample design has been used in various settings around the world
(Collins et al., 1996; Collins et al., 1997b; Habibi et al., 2019; Nosrati
et al., 2018; Stone et al., 2014; Vale et al., 2016; Walling et al., 1999;
Zhang et al., 2012). Adoption of this approach relies upon a comparison
between the tributary sub-basin sediment samples, which are used to
represent source end members, and target sediment samples that are
located downstream thereof on the main river stem (the overall basin
outlet), encompassing contributions from the upstream spatial sources.
Since this design comprises comparison of upstream and downstream
sediment samples, as opposed to soil and sediment samples, as per the
vast majority of source fingerprinting studies focused on establishing
sediment source types rather than spatial sources, some of the com-
plexities associated with selective erosion and transport over and along
hillslopes are reduced. Another advantage is that in data sparse loca-
tions, the confluence-based approach can provide a highly pragmatic
means of overcoming a lack of conventional hydrological monitoring
data for sediment losses from different sub-basins within erodible
drainage basins (Furuichi et al., 2016).

In previous studies, Nosrati et al. (2018) and .(2019) reported work
on fingerprinting sub-basin suspended sediment sources and showed
that source tracing studies should deploy a number of composite sig-
natures selected using a combination of independent statistical tests (e.
g., Kruskal-Wallis H-test, KW-H; discriminant function analysis, DFA;
principal components & classification analysis, PCCA, and; general
classification and regression tree models, GC&RT) to permit appraisal of
the consistencies or otherwise in predicted source contributions based
on the tracers used. In addition these recent studies tested and compared
composite signatures comprising conventional geochemical tracers and
alternative signatures combining geochemical properties with litholog-
ical weathering indices. Soil erosion and sediment delivery processes are
selective (Koiter et al., 2013) meaning that careful evaluation of the
most appropriate particle size fraction needs to be undertaken on a case
by case basis. Careful selection of the most relevant particle size fraction
to use is based on the target sediment samples collected. Directing due
attention to the particle size issue can help decrease errors in the esti-
mation of source contributions in geologically complex basins (Collins
et al., 2020; Laceby et al., 2017). Where target sediment samples are
characterised by a broad particle size range, it is informative to under-
take source fingerprinting using different size fractions to ensure that
any potential errors arising from particle size controls on tracers are
minimised. Equally, in geologically complex basins, investigation of sub-
basin spatial sources using a confluence-based sampling design is better
placed to provide pragmatic evidence for the targeting of sediment
control measures. Accordingly, the aim of this study was to use a
confluence-based sampling strategy, elemental geochemistry, low-cost
tracers, a number of statistical and machine learning approaches and
different particle size fractions to quantify spatial source contributions
in a large, data scarce, mountainous river basin in NW Iran.

2. Materials and methods
2.1. Study basin

The Alamut-Shahrood River drainage basin (2728 km?) is located in
NW Iran between 50° 06’ 48” to 51° 11’ 49”E longitude and 36° 05’ 36"
to 36° 41’ 10” N latitude (Fig. 1). The study area is mountainous, with
elevations ranging from 724 to 4,341 m above sea level. Dominant slope
gradients range between 30 and 65%. Land cover includes rangelands
and woodlands (2488 km? area; 91.2%), cropped fields comprising or-
chards and dry land farming (221 kmz; 8.1%) and residential zones
(19.1 kmz; 0.7%) (Iran Forests, Range and Watershed Management
Organization; IFRWMO).

The main erodible lithologies of the geological formations in the
study area are: marl, calcareous sandstone, sandy limestone, minor
conglomerate, and alternation of dolomite, limestone and variegated
shale (Fig. 1) (Annells et al., 1985). Soil texture is mainly clay loam
(17-31% clay, 27-46% silt and 25-49% sand). Long-term (1976-2015)
mean annual precipitation ranges from 333 to 517 mm (Iran Meteoro-
logical Organisation). On the basis of 41 years (1975-2015) of records
from the Baghkalayeh hydrological station on the Alamut-Shahrood
River (the archives of the Water Resources Research Organization,
Iran), mean annual discharge is 11.12 m3s L.

The steep slopes, potentially erodible lithologies (Fig. 2a), presence
of dry-land farming systems on slopes that can cause serious degradation
resulting in land abandonment (Fig. 2b), and anthropogenic effects
associated with residential areas, also on steep slopes, (Fig. 2¢) are all
drivers for increasing erosion and sediment export in the study area. The
fine-grained sediment and associated chemicals mobilised from the
sources has important off-site consequences in the study area, including
generating elevated sediment yields (Fig. 2d), which could decrease the
storage capacity and projected life-span of the Sefidroud dam reservoir.
The height and crest length of Sefidroud dam are 106 m and 425 m,
respectively. The reservoir capacity was 1800 million cubic meters
(MCM) at the beginning of operation. Approximately 600 MCM of this
capacity is allocated for dead storage. The normal storage and the crest
storage are 1276 MCM and 1760 MCM, respectively (Othman et al.,
2013).

2.2. Field and laboratory work

Fine-grained sediment sequestered on the riverbed was sampled at
the overall basin outlet and at the seven sub-basin outlets (Fig. 1) using a
re-suspension method (Duerdoth et al., 2015). Samples collected at the
most downstream site (basin outlet) were used as the target sediment for
quantifying contributions from the upstream sub-basin outlets. In some
previous work, such samples have been labelled ‘drape’ sediment de-
posits (Collins and Walling, 2007; Nosrati and Collins, 2019a; Olley
et al., 2013; Walling et al., 1998). For the collection of each individual
drape sediment sample, a stainless steel cylinder was pushed by hand
into the fresh riverbed deposits to isolate an area of the bed for sample
retrieval. The water in the cylinder was stirred using a handmade stirrer
for ~2 min to resuspend all fine-grained deposits within the cylinder.
Upon ~2 min of agitation, a sample was collected immediately using a
100-ml bottle. Fine-grained riverbed sediment was sampled once (on
random day) at all sites in September 2018 from riffles. Based on visual
observations of storm discharge the seven sampled sub-basins in the
study area were the most important with respect to suspended sediment
loads. In addition, prior to field sampling, the results of independent
field investigations and targeted questionnaires completed by experts in
the Natural Resources Bureau of Gazvin Province were also used to
select potential sub-basin spatial sediment sources in the study area. Five
sub-samples were collected in a ~10 m long reach (spaced at approxi-
mate 2 m intervals) at each sampling site and combined into individual
composite samples. In total, five composites were sampled from each
sub-basin outlet and a further eight from the most downstream sampling
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Fig. 1. Map of the Alamut-Shahrood River drainage basin, showing the location of the study basin in NW Iran, in northern Ghazvin Province, geology and sediment
sampling locations in the seven representative tributary sub-basins and at the overall downstream site.

site. Oven-dried (at 40 ‘C) composite samples weighed ~ 50 g each.

In order to identify the dominant particle size fraction in the riverbed
sediment samples and to confirm that the tracers were present across
that fraction rather than a sub-fraction, a two-step procedure was used:
1) dry sieving to fractionate the riverbed samples to 500-1000,
250-500, 125-250, 63-125, and < 63 um, and 2) further fractionation
of the dominant particle size fraction to show that the tracers were
distributed across the dominant fraction rather than a sub-fraction
therein. The results of the particle size assessment confirmed that the
< 63 um fraction was dominant (Figure S1). In step two, wherein the <
63 um fraction of all riverbed sediment samples was further fractionated
into < 37 and 37-63 pm, our findings suggest that the tracers we used
are distributed across both of these fine-grained size fractions. Conse-
quently, both the < 37 and 37-63 pm fractions of the sub-basin and
overall outlet riverbed sediment samples were used for tracer analysis to
apportion spatial sources. Fractionation can be used to help control for
particle size effects on tracers.

Geochemical tracers were measured using 1 g of each sediment

sample for both the < 37 and 37-63 um fractions digested in aqua regia
(HCI-HNOg3; 3:1) using a Velp Thermo-reactor at 95 °C for two hours.
Extracts were filtered through S&S ME24 (0.2 um) filter papers and
elemental concentrations were measured using a Varian SpectrAA-20
Plus (Merck KGaA, Frankfurt, Germany) calibrated with a standard for
Ca, Co, Fe, K, Mg, Mn, Na, Pb, Sr, and Zn. Given that aqua regia was used
for the digestions, the results should be assumed to represent pseudo-
total concentrations of geochemical elements in the absence of com-
plete dissolution using a more powerful acid matrix (Queavuviller,
1998). Analytical precision was > 95% in all cases.

The weathering index of Parker (WIP; equation (1)) (Collins et al.,
2020; Garzanti et al., 2016; Nosrati et al., 2019) was calculated based on
elemental oxides (Eq. (1)). The ratio of Fe to Mn (Fe/Mn) was also

calculated:
WIP = 100 - (Ca0/0.7 + 2Nay0/0.35 + 2K,0/0.25 + Mg0/0.9) (@D)]

Therefore, the list of potential tracers used in the statistical analysis



Fig. 2. Photos showing: (a) the variety of potentially erodible lithological formations; (b) dry-land farming on steep slopes; (c) residential areas on steep slopes, and;

(d) off-site impacts of elevated erosion and sediment mobilisation.

for source discrimination comprised the following elements Ca, Co, Fe,
K, Mg, Mn, Na, Pb, Sr, Zn, as well as WIP, and Fe/Mn ratio.

2.3. Distinguishing spatial sediment sources

A range test (bracket test) was used to assess the presence of signif-
icantly non-conservative tracers, wherein the tracer concentrations in
the most downstream samples were compared with the corresponding
ranges measured in the sub-basin samples. Tracers failing this test which
is widely applied in the international literature were discarded (e.g.
Nosrati et al., 2018).

Four approaches were used to test discrimination of the spatial
sediment sources. These tests were: (1) the Kruskal-Wallis H-test (KW-
H); (2) a combination of the KW-H and backward discriminant function
analysis (DFA); (3) a combination of the KW-H and principal component
& classification analysis (PCCA), and; (4) a combination of KW-H and a
general classification tree model (GCTM). Each test (STATISTICA V.8.0;
StatSoft, 2008) identified a composite signature. Further details con-
cerning the application of these specific statistical tests in sediment
source fingerprinting work can be found in Nosrati and Collins (2019a),
Nosrati and Collins (2019b), and Nosrati et al. (2019).

2.4. Ascribing sub-basin spatial sources

Modified MixSIR (Nosrati et al., 2014) was used to determine spatial
sediment sources using the four composite signatures. In short, modified
MixSIR apportions sediment sources using probability distributions for
the contributions of each individual source to the target sediment
samples. Tracer distributions for the downstream sediment samples are
solved using means and standard deviations of the same tracers in the
tributary sub-basin spatial sources. The resampling methodology was
utilised to generate 10° samples from the posterior distributions.
Modelled source proportions from the seven sub-basin spatial sources

based on each composite signature selected by different statistical ap-
proaches were compared using the root mean square error (RMSE) to
assess differences between the spatial source estimates generated using
each composite signature. A two-sample Wald-Wolfowitz Runs test was
also used to identify statistically significant contrasts between the pos-
terior distributions generated for the proportional contributions from
the sources using each signature. This test is sensitive to differences in
the frequency distributions generated by mass balance models.

In order to evaluate the modelled spatial source proportions based on
each signature, virtual mixtures were used (Collins et al., 2017; Palazon
et al., 2015). This step in the fingerprinting procedure was used to assess
un-mixing model accuracy. The virtual sediment mixtures were: 1) equal
proportions from all sources; 2) 5% sub-basin 1, 2, 3, 4, 6 and 7, 70%
sub-basin 5; and 3) 5% sub-basin 1, 2, 3, 5, 6, and 7, 70% sub-basin 4.
Model accuracy was quantified using the averaged root mean square
error (RMSE) and mean absolute error (MAE) between the predicted and
known source contributions using each of the signatures.

3. Results
3.1. Elemental fingerprints

Fig. 3 shows the concentrations of tracers in the source end members
and overall downstream riverbed sediment samples for the < 37 and
37-63 um fractions. All tracers passed the range test and so were
retained for further analysis. Fig. 3 also shows the results of applying the
KW-H test and further confirmation that the tracer contents of the spatial
sources were significantly different based on a Scheffe post-hoc test.
These results confirmed that all tracers returned a statistically signifi-
cant difference (p < 0.05) between the sediment sources. All tracers
were therefore included in the KW-H signatures for both particle size
fractions.

The 12 statistically significant tracers from the KW-H test were
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level based on a Scheffe post-hoc test.

imputed in the backward stepwise DFA (Fig. 3). For the < 37 pm frac-
tion, the values of DFA statistics (Tables S1 and S2) confirmed that six
tracers comprising Pb, Sr, Fe, Na, Fe/Mn, and WIP were selected as a
composite signature. Corresponding DFA results for the 37-63 um size
fraction are also presented in Table S1 and Table S2. In this case, the
composite signature combined K, Mg, Mn, Pb, Sr, Zn, Fe/Mn, and WIP.
The backward stepwise DFA assigned 100% of the spatial source end
member samples correctly using the selected tracers in the signatures for
both particle size fractions. The DFA first and second discriminant
functions illustrated that the end member riverbed sediment samples are
well separated for both size fractions (Fig. 4).

Tracers identified by the KW-H as statistically significant were also

tested using PCCA for both particle size fractions. For the < 37 um
fraction, four PCs explained > 80% of the variance for the nine tracers
with the exception being Mn and Na. Accordingly, these tracers were the
least important due to their communalities. The highly-weighted tracers
representing PC1 were Ca, Fe, Sr, WIP and Fe/Mn. For PC2, the highly-
weighted tracer was Mg. The highly-weighted tracer under PC3 was Mn.
Under PC4, the corresponding highly-weighted tracer was Zn (Table S3).

The results of PCCA for the 37-63 um fraction showed that the cu-
mulative total variance for the first four PCs is > 87% (Table S3). The
highly-weighted tracers under PC1 were Ca, Sr, and WIP. For PC2, the
highly-weighted tracers were Co and Mg. The highly-weighted tracer
under PC3 was Na, whereas it was Zn for PC4 (Table S3). The PC
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Fig. 4. Scatterplots of the first and second discriminant functions calculated
using backward DFA with the composite signatures selected for both particle
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coordinates for the selected tracers for the < 37 ym and the 37-63 ym
fractions were plotted in Fig. 5. Tracers related to these PCs for both
particle size fractions provided additional fingerprints (for the < 37 pm
fraction: Ca, Fe, Mg, Mn, Sr, Zn, WIP, Fe/Mn and for the 37-63 um
fraction: Ca, Co, Mg, Na, Sr, Zn, WIP).

During the machine learning for the < 37 ym and the 37-63 pym
fractions, the 12 tracers passing KW-H were used in a GCTM. Fig. 6
shows the trees generated using the tracer concentrations in each par-
ticle size class of the source end members using a v-fold cross-validation
(CV cost) test. For the < 37 um fraction, the histograms of sediment
source samples (in the terminal nodes) in the final tree (CV cost = 0.06)
showed that all spatial sediment source samples were grouped signifi-
cantly (Fig. 6). For the 37-63 um fraction, the histograms of source
samples per class at the terminal nodes (CV cost = 0.09) also confirmed
100% discrimination of the spatial sediment sources (Fig. 6).

The predictor (i.e., tracer) importance values for the spatial sources
for the < 37 um and the 37-63 um fractions are displayed in Fig. 6. The
tracer importance was calculated by normalizing the mean of the sums-
of-squares regression for all tracers over all trees and nodes relative to
the most important tracer. Therefore, the tracer importance values
reveal the power of the relationship between the tracers and the spatial
sediment sources. For the < 37 um fraction, the tracers Fe, Mg, Na, Pb,
and Sr (importance value > 0.7) were shortlisted as important pre-
dictors. For the 37-63 um fraction, the tracers Fe, Mg, Na, and Fe/Mn
(importance value > 0.9) were the best predictors.

The biplots for both size fractions in Figure S2 revealed that the
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Fig. 5. Projection of the composite signatures on the PC-plane using PCCA for
both particle size fractions.

tracers selected in the final signatures had not been subjected to major
transformation during redistribution from the spatial source to the
downstream target fine-grained channel drape bed sediment sampling
locations.

3.2. Spatial sediment sources

For the < 37 um fraction, the different signatures all suggested that
sub-basins 3 (Andajroud) and 4 (Taleghanroud) were the dominant
sources of the fine-grained drape sediment samples (the mean values + 1
standard deviation, SD, estimated as 46.7% =+ 8.4% and 39.4% =+ 5.8%,
respectively) (Fig. 7). For the 37-63 pm fraction, sub-basin 7 (Ninehroud
with a mean + 1 SD contribution of 36.8% =+ 25.9%) was the dominant
and sub-basins 3 and 4 (mean + 1 SD contributions of 22.2% + 14.5%
and 23% + 26.8%, respectively) were the second most important spatial
sources (Fig. 7). For the < 37 pm fraction, the RMSE between the
apportionment results using signatures selected by different statistical
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Fig. 7. Relative contributions (box plots) from the seven sub-basin spatial sources to the main stem target sediment samples for both particle size fractions using

composite signatures selected by different statistical approaches.

approaches for the contributions of the seven sub-basin spatial sources
to the main stem sediment samples was 0.7, 1.5, 11.0, 7.6, 9.6, 1.2, and
1.3%, respectively. For the 37-63 pm fraction, the RMSE between the
apportionment results for the seven sub-basin spatial sources was 0.9,
24.8, 18.9, 35.1, 0.7, 0.4, and 33.9%, respectively.

Pairwise comparisons of the estimated source contributions using the

four different signatures are presented in Table 1. A significance value
of < 0.05 confirms significant differences between the two distributions.
The results for the < 37 um and 37-63 um fractions showed that all of
the pairwise comparisons were significantly different (Table 1).



Table 1

Wald-Wolfowitz Runs test pairwise comparison results (z-statistic) for the
probability density functions computed for the predicted contributions from the
seven sub-basin spatial sediment sources based on composite signatures selected
by different statistical approaches. * p- levels are < 0.001.

Paired statistical
approaches in
selecting tracers

Spatial (sub-basins) sediment sources

2 3 4 5 6 7

37 pm fraction
KW H-test vs. 25.2*  27.1%  27.4* 28.9%* 28.4% 25.6* 25.9*
Combination of
KW- H-test and
DFA
KW-H-test vs. 32.6* 323* 34.1* 33.0¢ 34.4* 33.2* 32.0*
Combination of
KW -H-test and
PCCA
KW-H-test vs. 33.2*  34.0r 34.1* 35.4* 349 33.7* 33.9%
Combination of
KW -H-test and
GCTM
Combination of 10.9*  11.4* 13.2* 12.9* 11.5* 11.4* 11.7*
KW-H- test and
DFA vs.
Combination of
KW-H test and
PCCA
Combination of 11.6* 13.5* 13.0* 15.1* 12.9* 12.2* 12.2%
KW-H- test and
DFA vs.
Combination of
KW-H test and
GCTM
Combination of 15.4* 15.8* 17.7* 17.7* 16.1* 15.7* 15.7*
KW-H- test and
PCCA vs.
Combination of
KW-H test and
GCTM

37-63 pm fraction
KW H-test vs. 8.1* 9.7* 9.7* 9.7* 8.1* 8.1* 9.7*
Combination of
KW- H-test and
DFA
KW-H-test vs. 10.8* 11.1* 11.1* 10.2* 10.5* 10.5* 11.4*
Combination of
KW -H-test and
PCCA
KW-H-test vs. 19.2* 20.1* 20.4* 19.6* 19.4* 19.4% 20.2*
Combination of
KW -H-test and
GCTM
Combination of 3.6 3.6% 4.4* 4.4* 4.4 3.6% 4.4*
KW-H- test and
DFA vs.
Combination of
KW-H test and
PCCA
Combination of 12.8* 15.2* 12.8* 15.2* 12.8* 12.8* 12.8*
KW-H- test and
DFA vs.
Combination of
KW-H test and
GCTM
Combination of 14.8* 17.6* 17.2* 14.0* 14.0% 14.0% 14.8%
KW-H- test and
PCCA vs.
Combination of
KW-H test and
GCTM

4. Discussion
4.1. Adoption of a confluence-based sampling strategy

Our data support the use of a smaller number of accessible locations

for investigating spatial sources for sediment fingerprinting in data
sparse environments with challenging terrain. A confluence-based
approach focuses sampling effort by permitting a small number of
sampling sites to integrate the spatio-temporal variation in erosion and
sediment delivery patterns. In this approach, complexities introduced by
the distances between sources and receptors are reduced by sampling
immediately upstream of the tributary confluence for each spatial unit,
thereby providing a proxy for the tributary geochemical signature (Vale
et al., 2016). On the basis of our sampling strategy, which was an initial
reconnaissance survey, we do not have information on temporal vari-
ability in the sediment signatures of the tributary sub-basins, and the use
of riverbed material as end members may pick up an older source signal
than suspended sediment (Gellis et al., 2017). As with alternative source
fingerprinting strategies, this sampling design assumes there is no sig-
nificant effect resulting from potential tracer alteration processes such as
selective detachment, transport or deposition between the end member
and the basin outlet sampling points. Our sampling design yields a time-
integrated estimate of end member and target sediment signatures and
assumes bed material chemistry does not change significantly over time.
Here, we point readers to other work which has used a single sampling
visit to characterise bed sediment chemistry, albeit, not for source
fingerprinting purposes (Horowitz et al., 2012). To support direct
comparison of the end member and target riverbed sediment samples,
we removed the effect of particulate size distribution as one of the main
factors influencing tracer concentrations (Grygar and Popelka, 2016;
Horowitz, 1991). In order to mitigate particle size effects on tracers,
there are two principal approaches in sediment tracing studies
comprising: using fine particle size sub-fractions (e.g., of the < 63 pm
fraction) selected carefully on the basis of the dgy particle size for the
target sediment samples and the use of more generic broader particle
size fractions (e.g., the bulk < 63 um fraction) combined with further
correction factors in the un-mixing model (Collins et al., 2017; Laceby
et al., 2017). Tracing different particle size sub-fractions has some ad-
vantages including: 1) decreasing potential errors produced by different
particle size ranges in the samples collected to represent end members
and target sediment, 2) increasing the accuracy of estimated source
contributions compared with using a generic particle size fraction
combined with a correction factor in the mass balance model, 3)
providing a basis for assessing consistency in source estimates across size
fractions. In this study, we fractionated the bed sediment samples into
one additional sub-fraction since the dgg of the target sediment samples
indicated that the < 63 um fraction was appropriate for capturing the
bulk of the fine sediment sequestered on the river bed, but in conjunc-
tion with that size range, we needed to control for any potential particle
size effects on the tracers used.

There is no standard combination of statistical methods to select the
composite tracers in sediment tracing so in order to test the sensitivity of
estimated source ascriptions to different sets of tracers, four multivariate
statistical techniques were used. Multiple different composite finger-
prints can be used to identify a signature yielding the lowest prediction
uncertainties and to assess consistencies in the predicted source pro-
portions (Collins et al., 2017; Collins et al., 2012; Uber et al., 2019). For
the < 37 um fraction, the maximum RMSE between the apportionment
results was 11% while for the 37-63 um fraction, it was 35.1%. This
result demonstrated that the magnitude of the difference between the
spatial source proportions generated using each composite fingerprint is
larger for the coarser particle size fraction. In addition, pairwise com-
parisons of the estimated spatial source contributions using the four
different composite signatures confirmed statistically significant differ-
ences for the results specific to either the < 37 um or 37-63 um fractions
(Table 1) and demonstrated the sensitivity of model predictions to the
different composite signatures. The Kolmogorov-Smirnov test was used
in a similar application in a previous paper by (Nosrati et al., 2018). The
Wald-Wolfowitz test used herein has been shown to be more powerful
than the Kolmogorov-Smirnov test for detecting differences between
distributions if the distributions differ in variance and have at the most



only a small difference in location (Senger, 2013). This approach pro-
vides a means of identifying more than one composite signature and of
assessing source prediction sensitivity to tracer choice, although the
costs of elemental measurements could be increased. Since conventional
field monitoring data are rarely available for testing fingerprinting
predictions directly, the current recommended method for evaluating
un-mixing model predictions is artificial or virtual sample mixtures
(Collins et al., 2017; Gaspar et al., 2019; Haddadchi et al., 2014; Uber
et al., 2019). Accordingly, mixture tests have become increasingly
established in recent studies (e.g., Haddadchi et al., 2014; Mohammadi
Raigani et al., 2019; Nosrati et al., 2019). The RMSE and MAE estimates
based on the virtual mixture tests for the different final composite sig-
natures for the < 37 um fraction ranged between 1.6% — 13.2% and
1.2% — 8.3%, respectively (Table 2). The RMSE and MAE estimates
based on the virtual mixture tests for the different final composite sig-
natures for the 37-63 um fraction ranged between 1.5-13.3% and
1.0-8.3%, respectively (Table 3). These error levels are comparable to
those reported in existing literature (e.g., Brosinsky et al., 2014; Uber
et al., 2019).

One of the main challenges for un-mixing models is that they cannot
deterministically solve mass-balance equations when the number of
sources is different from the number of tracers + 1. The use of modified
MixSIR can account for this challenge. In the study reported here, the
numbers of sediment sources is seven while the numbers of tracers
constituting the different composite fingerprints selected by a combi-
nation of statistical techniques are between four to eight tracers for both
fractions (except in the case of the signature selected using the KW-H test
which included 12 tracers). Critically, the results returned acceptable
errors in the context of those reported by many other fingerprinting
studies.

Application of novel fingerprints continues to be a research focus for
sediment source fingerprinting (Collins et al., 2020). The integrated
usage of low cost and high-resolution techniques should facilitate the
analysis of a large number of samples for obtaining reliable information
on variations in sediment source contributions (Evrard et al., 2019).
Nosrati et al. (2019) recently combined weathering indices with
geochemical tracers to investigate the spatial sources of suspended
sediment in northern Tehran, Iran. Indeed, there is a need to develop
novel tracers from other approaches utilized in Earth System sciences

Table 2

(Collins et al., 2020). Selecting appropriate composite signatures using
new statistical techniques (e.g., GCTM) helps to find robust subsets of
lower cost tracers and may help avoid the need for alternative expensive
tracers. As previous work has shown, widely used DFA may not always
provide the most suitable variable selection because of collinearity be-
tween tracers (Vale et al., 2016). Regardless, it remains important to
interpret the tracer sets selected statistically for composite signatures in
the context of lithological and pedological patterns in the study area. In
the absence of a sound physical basis for the end member discrimination
yielded by particular tracers, composite signatures should be seen as
statistical solutions to the sediment sourcing problem. In the case of the
study herein, we are able to interpret the spatial source contributions on
the basis of the lithologies present in the study area.

Using the < 37 um fraction, fingerprinting highlighted high sediment
contributions from sub-basins 3 (Andajroud; 46.7%) and 4 (Tale-
ghanroud; 39.4%) using each of the different composite signatures. For
the 37-63 um fraction, sub-basin 7 (Ninehroud; 36.8%) was highlighted
as the dominant spatial sediment source, followed by sub-basins 3
(Andajroud; 22.2%) and 4 (Taleghanroud; 23.0%). Overall these results
demonstrated that three sub-basins (Andajroud, Taleghanroud, and
Ninehroud) are the active spatial erosion zones and that management
strategies should be focused on them.

The main lithologies of the Andajroud and Taleghanroud sub-basins
include marl, calcareous sandstone, sandy limestone and minor
conglomerate, plus alternating dolomite, limestone and verigated shale,
all of which are sensitive to chemical weathering and the production of
silt and clay. Physical weathering processes produce smaller particulate
material and, based on the particle size, the surface area is exposed to
chemical attack whereby silts and clays weather quickly compared with
gravels and sands (Huggett, 2011). Based on the weathering zone of the
study area, leaching is relatively weak (Thomas, 1994). Local factors
including parent rock, topography, and vegetation play an important
role in governing the weathering processes (Huggett, 2011). Lithology
influences the rate of weathering with erodible lithology and steep
slopes in the sub-basins highlighted by the source fingerprinting work
driving higher erosion rates and sediment yields.

Comparison of the predicted and known relative contributions from the spatial sediment sources to the virtual sediment mixtures using the composite signatures
selected by different statistical approaches and the corresponding root mean squared error (RMSE) and mean absolute error (MAE) for the < 37 pm fraction.

Statistical approaches and composite fingerprints Source proportions  Spatial (sub-basin) sediment source contributions RMSE  MAE
1 2 3 4 5 6 7

KW-H(Tracers: All tracers) Known 14.3 14.3 14.3 14.3 14.3 14.3 14.3 2.6 2.1
Predicted 16 15.2 13 11 10.2 17.9 14.2
Known 5.0 5.0 70.0 5.0 5.0 5.0 5.0 3.1 2.1
Predicted 6.1 8.2 62.9 2.9 5 5.8 4.7
Known 5.0 5.0 5.0 70.0 5.0 5.0 5.0 8.2 5.5
Predicted 13.8 8.4 2.9 50.8 6.3 7 6.8

Combination of KW-H and DFA (Tracers: Fe, Na, Pb, Sr, WIP, Fe/Mn) Known 14.3 14.3 14.3 14.3 14.3 14.3 14.3 3.0 2.8
Predicted 17.5 12.8 12.5 10.8 11 18.7 12.1
Known 5.0 5.0 70.0 5.0 5.0 5.0 5.0 3.0 1.8
Predicted 5.8 7 62.8 29 5.1 4.7 4.8
Known 5.0 5.0 5.0 70.0 5.0 5.0 5.0 8.7 5.7
Predicted 12.7 6.4 2.8 49 7.4 7.5 7.8

Combination of KW-H and PCCA (Tracers: Ca, Fe, Mg, Mn, Sr, Zn, WIP, Fe/Mn) Known 14.3 14.3 14.3 14.3 14.3 14.3 14.3 1.6 1.2
Predicted 14.9 14 12.7 11.1 12.7 15.3 14.7
Known 5.0 5.0 70.0 5.0 5.0 5.0 5.0 6.1 3.7
Predicted 6.5 8 54.5 3.9 6 7.7 6.1
Known 5.0 5.0 5.0 70.0 5.0 5.0 5.0 13.2 8.3
Predicted 19.6 10.2 4.3 38.9 8.2 6.3 7.3

Combination of KW-H and GCTM (Tracers: Fe, Mg, Na, Pb, Sr) Known 143 143 143 143 143 143 143 1.9 1.6
Predicted 14.6 12.1 12.9 11.2 12.5 16.9 14.1
Known 5.0 5.0 70.0 5.0 5.0 5.0 5.0 2.6 1.6
Predicted 5.2 6.7 63.6 29 4.8 5.2 4.8
Known 5.0 5.0 5.0 70.0 5.0 5.0 5.0 9.2 6.1
Predicted 10.1 6.9 2.8 47.2 7.9 7.9 10.1
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Table 3

Comparison of the predicted and known relative contributions from the spatial sediment sources to the virtual sediment mixtures using the composite signatures
selected by different statistical approaches and the corresponding root mean squared error (RMSE) and mean absolute error (MAE) for the 37-63 pm fraction.

Statistical approaches and composite fingerprints Source proportions  Spatial (sub-basin) sediment source contributions RMSE  MAE
1 2 3 4 5 6 7

KW-H(Tracers: All tracers) Known 14.3 14.3 14.3 14.3 14.3 14.3 14.3 1.5 1.0
Predicted 146 147 129 145 151 144 1038
Known 5.0 5.0 70.0 5.0 5.0 5.0 5.0 7.5 4.7
Predicted 5.8 6.3 53 3.3 147 6.3 5.8
Known 5.0 5.0 5.0 70.0 5.0 5.0 5.0 6.8 4.4
Predicted 4.8 9.5 4.1 53.6 6.6 6.6 10.5

Combination of KW-H and DFA (Tracers: K, Mg, Mn, Pb, Sr, Zn, WIP, Fe/Mn) Known 14.3 14.3 14.3 14.3 14.3 14.3 14.3 1.5 1.1
Predicted 151 139 127 147 149 136 108
Known 5.0 5.0 70.0 5.0 5.0 5.0 5.0 9.5 5.3
Predicted 7 6.8 481 5.2 17 4.6 5.3
Known 5.0 5.0 5.0 70.0 5.0 5.0 5.0 13.3 8.3
Predicted 4.9 111 47 381 7.8 10.2 16.8

Combination of KW-H and PCCA (Tracers: Ca, Co, Mg, Na, Sr, Zn, WIP) Known 14.3 14.3 14.3 14.3 14.3 14.3 14.3 2.5 2.1
Predicted 137 177 119 135 155 123 9.7
Known 5.0 5.0 70.0 5.0 5.0 5.0 5.0 7.8 4.8
Predicted 5.8 9.6 51.2 3 114 57 5.6
Known 5.0 5.0 5.0 70.0 5.0 5.0 5.0 7.3 4.5
Predicted 5.1 119 37 525 6 6.1 8.5

Combination of KW-H and GCTM (Tracers: Fe, Mg, Na, Fe/Mn) Known 14.3 14.3 14.3 14.3 14.3 14.3 14.3 2.4 2.0
Predicted 15 11 11.3 123 131 139 106
Known 5.0 5.0 70.0 5.0 5.0 5.0 5.0 7.5 4.6
Predicted 5.5 4.9 51.7 3.6 108 7.1 9.2
Known 5.0 5.0 5.0 70.0 5.0 5.0 5.0 10.4 6.0
Predicted 5 7.1 5.6 438 8 108 9.4

4.2. Implications for sediment management

Because it is impossible to prevent soil erosion completely, extreme
soil erosion should be decreased to manageable levels to diminish on-
site and off-site unintended consequences. Knowledge of tributary sub-
basin source contributions is a pragmatic approach to understanding
the coarse resolution spatial distribution of source erosion at large basin
scale for developing management strategies. In this study, sub-basins 3,
4 and 7 need to be targeted for sediment control. Source tracing fine-
grained channel bed sediment based on different size fractions gives a
means of rationalising key mechanisms and factors driving sediment loss
in large river basins.

But, the confluence-based approach to source tracing does not
separate critical processes such as raindrop impact, sheet, interrill or rill
/ gully erosion. Human activities in the study area comprising dry-land
farming (rain fed cultivation systems) and residential areas on steep
slopes (Fig. 2b and c, respectively), are all drivers for increasing erosion
and sediment export. Tillage on the local steep slopes, and the resulting
destruction of any protective vegetation canopy enhances the risk of
both sheet and rill erosion (Govers, 1991; Jin et al., 2007; Toy et al.,
2002; Valcarcel et al., 2003). The sub-basins that were identified by the
fingerprinting exercise as the main spatial sources of fine-grained sedi-
ment in the study area comprise larger areas of dry-land farming on
erodible lithologies. The conventional ploughing direction for local dry-
land farming is up and down slope and this is also an important factor
(Takken et al., 2001), especially on steep slopes, for increasing the ve-
locity of surface runoff and the rates of soil particle detachment. In
consequence, soil tillage management (Quine and Zhang, 2004) by
ceasing land use change from rangeland to dry-land cultivation or at
least changing conventional tillage practices to contour ploughing
should be considered as soil erosion mitigation measures in the tributary
sub-basins identified by the fingerprinting work. Over-grazing associ-
ated with leaving crop stubbles on farmland after harvesting enhances
soil compaction, surface crusting and sealing, reduces soil porosity, soil
organic matter, and consequently increases overland flow during rain-
fall events (Blanco-Canqui et al., 2006). So, maintaining the crop stub-
bles on the harvested soil surface, reducing grazing pressures, and
adopting of no-till or minimum tillage on steep slope could be used to
help increase resistance to soil erosion and sediment loss.
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5. Conclusions

Data sparse regions like the mountainous areas of Iran lack funda-
mental evidence on sediment sources for understanding drainage basin
sediment dynamics and targeting abatement strategies. Despite the
difficult terrain in such areas, the confluence-based source finger-
printing approach provides a pragmatic basis for assembling new evi-
dence which, in turn, is of interest to scientists and managers alike.
There remains a need to test low-cost tracers in such settings to support
wider uptake of fingerprinting techniques for filling evidence gaps in
more data sparse regions. Future research projects could therefore test
such tracers more strategically.
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