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Abstract

This study integrates conventional sediment geochemistry with explainable machine learn-
ing to investigate the provenance of surface sediments from Wular Lake, Kashmir Valley,
NW Himalaya. Twenty-two samples were analysed for 49 geochemical variables (10 major
oxides, 25 trace elements and 14 rare earth elements), complemented by XRD mineral-
ogy, which reveals an assemblage dominated by quartz, muscovite/illite, chlorite and
feldspar. The Chemical Index of Alteration (CIA = 68.5-75.1, mean 72.1), corroborated by
CIW, PIA and the A-CN-K trend, indicates moderate weathering under a cold temperate
climate, and the Index of Compositional Variability (ICV > 1), together with uniformly low
Zr /Sc ratios (3.4-6.0), which preclude significant zircon addition through recycling, records
compositionally immature, first-cycle detrital input. Conventional discrimination ratios
and the Herron system classify the sediments as geochemically equivalent to shale, and
elevated Fe,O3/K,0 (2.6-4.0), Al,O3/TiO, (12.6-16.0), Cr/Th and Co/Th ratios record a
substantial mafic imprint. Chondrite-normalised REE patterns show pronounced LREE
enrichment ((La/Yb)yn = 8.0-19.4), moderate negative Eu anomalies (Eu/Eu* = 0.56-0.73)
and negligible Ce anomalies (Ce/Ce* = 0.98-1.03), with Eu/Eu* discriminating felsic crys-
talline from mafic volcanic contributions. A three-stage pipeline (principal component
analysis (PCA) — random forest — SHapley Additive exPlanations (SHAP)) achieved a
median leave-one-out cross-validation (LOO-CV) accuracy of 95.5% (n = 22; Wilson 95% CI
78%-99%), and unsupervised k-means clustering reproduced the same three geochemically
distinct provenance end-members: siliceous-mature, detrital-mafic and carbonate-bearing,
without reference to the assigned labels (Adjusted Rand Index = 1.0). Because the training
labels derive from the same geochemical dataset, the classification quantifies the internal
consistency of the provenance model, but does not provide independent validation. SHAP
analysis reveals that trace elements (Cr, Co, Sc, Ni, Zn) carry greater discriminating power
than do conventional major-oxide ratios, demonstrating that explainable machine learning
robustly supplements and extends traditional provenance approaches.

Keywords: Wular Lake; sediment geochemistry; provenance; REE; machine learning;
SHAP; random forest; Kashmir Himalaya
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1. Introduction

Lacustrine sediments serve as valuable archives of catchment geology, weathering pro-
cesses, and sediment transport dynamics [1]. The geochemical composition of lake-bottom
sediments reflects the integrated contributions of source lithologies, chemical weathering
intensity, hydrodynamic sorting, and diagenetic modifications [2,3]. In tectonically active
settings such as the Himalayan orogen, where multiple source terranes with contrasting
geochemical signatures contribute detritus to a single basin, disentangling these contribu-
tions is both scientifically important and analytically challenging, and remains an active
focus of provenance research in the region [4].

Waular Lake, situated in the Kashmir Valley of the northwestern Himalayas, receives
sediment from a complex catchment underlain by the Higher Himalayan Crystalline Series
(gneisses, schists and granites), the Permo-Carboniferous Panjal Trap basalts (basaltic—
andesitic lava flows), and the Plio-Pleistocene Karewa Group sedimentary sequence (fluvio-
lacustrine silts, sands and calcareous muds) [5]. Previous geochemical studies of Kashmir
Valley lake sediments have relied predominantly on conventional analytical frameworks,
which include bivariate discrimination diagrams [6,7], elemental ratio proxies [8,9], and
weathering indices [3,10], which are well-established and have long been complemented
by multivariate statistical methods such as discriminant function analysis [6] and factor
and cluster analysis. The conventional diagram-based workflow nevertheless evaluates
only a few variables at a time, so that part of the analytical information available in
modern multi-element datasets often remains unused; the two families of methods are
complementary rather than competing, and PCA in particular has an established record in
statistical provenance analysis [11].

Recent advances in machine learning (ML) have begun to address this limitation in
the Earth sciences, with applications ranging from automated SEM-based quantitative
mineralogy [12] to multivariate provenance analysis [11]. Supervised and unsupervised
ML methods have been applied to sediment provenance determination [13], geochemical
classification of igneous rocks [14], and environmental geochemical mapping [15]. However,
the application of explainable artificial intelligence (XAI) methods, particularly SHapley
Additive exPlanations (SHAP) [16], to lacustrine sediment geochemistry has received only
limited attention [17,18]. The critical gap is not the lack of ML applications per se, but
the absence of interpretability. Most existing studies treat ML as a black box, reporting
classification accuracy without providing element-level mechanistic insight.

This study addresses this gap by developing an integrated analytical framework that
combines conventional geochemical methods with a three-stage interpretable ML pipeline.
The conventional analyses comprise weathering indices, provenance ratios, sediment
classification, enrichment factors and ternary diagrams to establish the baseline geochemical
characterization. The ML pipeline consists of PCA, RF classification, and SHAP analysis,
exploiting the full 49-element signature to validate provenance assignments and rank the
discriminating elements. The specific objectives are: (1) to characterize the weathering
intensity and provenance of Wular Lake sediments using established geochemical methods;
(2) to apply RF classification with SHAP analysis to rank the discriminating elements
and validate the provenance model; and (3) to evaluate whether SHAP analysis provides
element-specific, quantitative provenance interpretations beyond those obtained from
conventional geochemical approaches.

2. Geological Setting

The Kashmir Valley is an oval-shaped intermontane basin of the northwestern Hi-
malayas, developed between the Pir Panjal Range to the southwest and the Zanskar Range
of the Higher Himalaya to the northeast [19,20], and lineament fabric indicates strong
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structural control of the formation of Wular Lake [5,21-23]. The surrounding mountains
rise to 5458 m above sea level, and the valley lies within a regionally subtropical climate
belt dominated by westerly disturbances, but its high elevation (valley floor ~ 1580 m;
surrounding peaks > 5400 m) creates a cool montane environment with seasonally cold
conditions [24], with temperatures of —2 °C to 32 °C and about 693 mm of annual rain-
fall. This high-relief, seasonally cold terrain favours physical over chemical weathering,
sustaining high erosion and a large detrital flux into the lake [21,25].

Waular Lake, the largest freshwater lake in India, lies about 34 km northwest of Srinagar
at an altitude of 1580 m, between 34°16'-34°25' N and 74°29'-74°40’ E [26] (Figure 1). The
lake is elliptical, covering 112.77 km? (16 km x 9.6 km) with a maximum depth of about
5 m, and was designated a Ramsar Wetland of International Importance in 1990 [25]. It is
fed chiefly by the Jhelum River, which drains a catchment of ~10,196 km?, together with the
Madhumati and Erin streams; this erosion-prone, anthropogenically disturbed catchment
delivers a heavy silt load (1.25 mm/year) [27] that is progressively reducing the width and
depth of the lake [5,22].
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Figure 1. Geological map of the study area modified after the work of Shah et al., 2020 [5].

The lithostratigraphy of the catchment spans the Precambrian to the Quaternary peri-
ods. The Precambrian Salkhala Group (phyllites, carbonaceous slates, marbles, dolomites
and mica schists) is conformably overlain by the early Cambrian Dogra Slates [23]. The
Panjal Traps, the upper unit of the Panjal volcanic series [28], are a thick succession of Upper
Carboniferous to Lower Permian basaltic-andesitic lava flows overlying the agglomeratic
slates [29-31]. They are succeeded by the fossiliferous Permian Zewan beds and compact,
light-grey Triassic limestones [29,32]. The youngest major unit, the Plio-Pleistocene Karewa
Group, is a roughly 1300 m thick fluviolacustrine to aeolian sequence [33-36] deposited in
the former Karewa Lake.
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Panjal Traps and limestone formations dominate the eastern and northern margins of
the lake, whereas recent alluvium and Karewa deposits fringe its southern shore. Because
the Karewa sediments were themselves derived mainly from the Panjal Traps [20,37], these
volcanic rocks constitute the essential primary source for both the Karewa deposits and
the modern lake fill; the composition of the Wular Lake sediments is therefore compared
with the Panjal Trap volcanics of the Kashmir region [21,25]. This emphasis follows earlier
work [5,20,21,25,37] and serves as a comparison baseline only: contributions from the
crystalline, carbonate and alluvial units of the catchment are equally expected, and the
three-end-member provenance model examined below explicitly allows for such mixed
sources rather than assuming a single dominant contributor a priori.

3. Materials and Methods
3.1. Sampling and Analytical Methods

Twenty-two surface sediment samples (~500 g each) were collected by boat from sites
spanning the major spatial extent of Wular Lake (Figure 2; Table S1). Sampling followed
a spatial-coverage design of one site per ~5.1 km?, constrained by boat accessibility and
distributed across the lake’s principal depositional environments: the Jhelum inflow and
outflow sectors, the deeper central basin, the northern and eastern margins fringed by
Panjal Trap and Triassic limestone bedrock, and the southern shore fringed by Karewa
deposits and recent alluvium. Because the lake is shallow (<5 m), seasonally well-mixed
and dominated by the Jhelum silt flux, this design resolves the lake-scale provenance
gradients targeted here. At each site, the uppermost 5-10 cm of sediment was retrieved
with a long-handled stainless-steel scoop in 2-5 m of water; given the high sedimentation
rate sustained by the heavy silt load of the catchment [22], this interval integrates roughly
the last few years to decades of deposition, smoothing seasonal variability while remaining
representative of the modern sediment flux. Samples were sealed in polyethene bags and
oven-dried at 40 °C to minimise mineralogical or chemical alteration. All analyses used
bulk sediment; the —250 mesh grinding served to achieve analytical homogenisation only.

For geochemical determination of major oxides, a homogenised powder-pellet spec-
imen (40 mm) is prepared by pressing the fine-powdered sample. The procedure com-
menced by adding boric acid, in a 1:10 ratio, as a binder to 9-10 g of the dried powdered
sample; then, the specimen was placed into a moulded die. Then, the sample was placed
under hydraulic pressure at ~18-20 ton using a semi-automatic hydraulic machine. The
major oxides estimation was carried out using WDXRF (Rigaku ZSX PrimuslII+, Rigaku
Corporation, Tokyo, Japan) at the Department of Geology, A.M.U., Aligarh, India. The
precision and accuracy of the analysis were determined using Geological Survey of Japan
SA Bureau of Standards, Republic of South Africa (i.e., JSO-1 and SARM 41) [38,39] and
were better than 5% and 8%, respectively. Total iron is expressed as Fe;O3 (Fe;O37). The
measured LOI (5.2-12.0 wt%) correlates only weakly with CaO (r = 0.11), indicating that
it is dominated by organic matter and clay-bound structural water, with a subordinate
carbonate contribution largely restricted to the carbonate-bearing group.

For trace element analysis of bulk samples, ~0.1 g of a sediment sample in a 15 mL Sav-
illex vial was first treated with 1 mL H,O; to remove organic matter and then reacted with
1 mL HClI to dissolve carbonates. It was then reacted with a mixture of 1 mL HF + 0.5 mL
HNOj3 and kept on a hotplate at 120 °C overnight for complete digestion of silicate phases
and dried at 100 °C. About 2 mL of HNO3 and ~2 mL of Milli-Q water were added to
the dried sample, which formed a clear solution indicating complete digestion. Then, the
samples were transferred into a 15 mL centrifuge tube, the sample was increased to 10 mL
using Milli-Q water, and was further diluted to a final dilution of 8000x for analysis in
an Inductively Coupled Plasma Mass Spectrometer (Thermo Scientific, Bremen, Germany,
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iCAP-Q) at the Department of Earth Sciences, IITK, Kanpur, India. Along with two sample
blanks, three USGS rock standards (BIR-1a, AGV-2, and BHVO-2) were also subjected to
the same procedure as were the unknown samples. In total, around 39 elements, including
trace elements and REEs, were analysed (standard and Kinetic Energy Discrimination
(KED) modes of measurement) with bracketing standards. The instrument was calibrated
using different dilutions of AGV-2 and BHVO-2 (both standards diluted by 5000x and
15,000 ), and a blank. Indium was used as an internal standard, and BIR-1a was used
as a check standard. The reproducibility of BIR-1a was within 5%—15% of the analytical
uncertainty (see Supplementary Tables S3 and S4) [40].
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Figure 2. Sampling locations of Wular Lake surface sediments (WSS), Kashmir Valley, NW Himalaya.

Mineralogical identification was performed on randomly oriented powder mounts
using a Shimadzu LabX XRD-6100 diffractometer (Shimadzu Corporation, Kyoto, Japan)
(Cu Ko radiation; 40 kV accelerating voltage, 30 mA tube current) at the Department of
Physics, AMU, Aligarh, India. Scans were acquired in 626 geometry over 5-60° 20 in
continuous-scan mode at a scan speed of 8° min~! with a sampling step of 0.02° 20, using
1° divergence, scatter slits, and a 0.3 mm receiving slit. The minerals of the bulk rock
samples were identified using both 20 and d values after processing the XRD file via X'Pert
HighScore® Plus 3.0 software (PANAlytical) integrated with the ICDD PDF2 database at
the Department of Geology, AMU, Aligarh, India.
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3.2. Geochemical Methods
3.2.1. Chemical Weathering Indices

Five weathering indices were calculated to assess the degree of chemical alteration:
the Chemical Index of Alteration (CIA = [Al,O3/(AlL,O3 + CaO* + NayO + K,O)] x 100) [3],
where CaO* is corrected for non-silicate calcium following the method of McLennan [2];
the Chemical Index of Weathering (CIW) [10]; the Plagioclase Index of Alteration (PIA) [41];
the Index of Compositional Variability (ICV = (Fe;O3 + K,O + NayO + CaO + MgO + MnO
+ TiO,)/Al,O3) [9] and the Mineralogical Index of Alteration (MIA) [42]. The samples
were plotted in A-CN-K and A-CNK-FM ternary diagrams (Nesbitt and Young [43,44]
to visualise weathering trends. CaO* represents Ca in the silicate fraction only and was
computed following the method of McLennan [2]: CaO was first corrected for apatite
using P,Os5 (molar CaO — 10/3 x P;0s); when the remaining molar CaO exceeded molar
Na,O, indicating a likely carbonate contribution, CaO* was set equal to Na,O; otherwise,
the corrected value was accepted. The five indices are retained because they answer
complementary questions: CIA is the primary weathering measure; CIW and PIA exclude
K;O and thus test the sensitivity of the weathering assessment to potassium enrichment;
ICV measures compositional maturity rather than weathering intensity; and MIA extends
the assessment to the mafic-relevant oxides.

3.2.2. Provenance Discrimination

Provenance was assessed using elemental ratios including SiO,/Al,O3 (maturity
indicator), K;O/Na,O (source composition), Fe;O3 /KO (mafic vs. felsic), and Al,O3/TiO,
(source discrimination) [45]. Sediment classification was performed using the Herron [6]
log(SiO, / Al;O3) vs. log(Fe,O3/K,0) diagram and the Pettijohn et al. [46] log(SiO, / Al,O3)
vs. log(Na,O/K;0) diagram; the latter scheme was devised for terrigenous sands and is
applied here only for comparison with earlier studies.

In addition, immobile-element ratios (Th/Sc, Zr/Sc, La/Sc, Cr/Th and Co/Th), which
are insensitive to chemical weathering and hydraulic sorting, were used to discriminate
felsic from mafic contributions by comparison with Upper Continental Crust (UCC) val-
ues [47] and with the compositional ranges of sediments derived from silicic and basic
source rocks [48]. Differences in key discriminating variables among the three provenance
groups were tested via the non-parametric Kruskal-Wallis test, using exact permutation
p-values (20,000 label permutations) appropriate to the small group sizes. To assess whether
the three provenance groups emerge from the data independent of the analyst-assigned
labels, unsupervised k-means and Ward hierarchical clustering (k = 3) were applied to the
standardised 22 x 49 matrix and compared with the assigned groups using the Adjusted
Rand Index (ARI) [49].

3.2.3. Enrichment Factors

Enrichment factors (EF) relative to Upper Continental Crust (UCC) [47] were calcu-
lated as EF = (Xi/ Al203)sample/ (Xi/ Al2O3)ucc, with Al,O3 as the normalising element.
Enrichment factors serve two purposes here: characterising source-inherited enrichments
and weathering-related depletions (e.g., Ti contributed by mafic detritus; Na lost through
plagioclase weathering) and screening for anthropogenic overprints on pollution-sensitive
elements (Section 5.4). Al,O3 was chosen as the normaliser because Al is hosted in the
detrital aluminosilicate fraction, is immobile during weathering and early diagenesis, and
behaves near-conservatively in this dataset (Al,O3 = 13.7-18.0 wt%, RSD =~ 7%) [50].
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3.2.4. Rare Earth Element Analysis

REE concentrations were normalised to CI chondrite values [51] to evaluate fractiona-
tion patterns. The Eu anomaly was calculated as Eu/Eu* = Eun/+/(Smy x Gdy), where
the subscript N denotes chondrite-normalised values. The Ce anomaly was calculated
analogously as Ce/Ce* = Cen/+/(Lan X Pry). LREE/HREE fractionation was assessed
using (La/Yb)yn and (Gd/Yb)y ratios.

3.3. Machine Learning Framework

A three-stage interpretable ML pipeline was applied to the z-score-standardised
22 x 49 geochemical matrix (Figure 3): (1) exploratory dimensionality reduction by PCA,
(2) supervised random forest classification, and (3) global model interpretation by SHAP.
PCA serves an exploratory role only, visualising the dominant covariance structure and
informing the geological interpretation; the random forest is trained on the original
49 standardised variables rather than on principal components, preserving element-level
interpretability in the SHAP decomposition. z-score standardisation is required by PCA
and places SHAP contributions on comparable scales; random forest is insensitive to mono-
tonic rescaling, and the same matrix was used at all stages for consistency. All stages were
implemented from first principles in Visual Studio Code using Python 3.11 and NumPy
2.0 with performed PCA via singular value decomposition (SVD); random forest was
employed, with the Gini criterion, 200 trees, bootstrap aggregation, and seven candidate
features per split; SHAP 0.47 by Monte Carlo permutation sampling was used [52]; no
external machine-learning library was employed.

3.3.1. Principal Component Analysis (PCA)

PCA [53] was applied to the standardised matrix to reduce the 49-dimensional geo-
chemical space into uncorrelated principal components. Unlike a conventional PCA re-
stricted to 10 major oxides, this analysis includes all trace elements and REE, capturing
provenance signals that major oxides alone cannot resolve. The biplot displays both sample
scores and variable loadings on PC1 vs. PC2.

3.3.2. Provenance Classification

Each sample was assigned to one of three provenance end-members: siliceous-
mature (Higher Himalayan Crystallines), detrital-mafic (Panjal Traps) or carbonate-bearing
(Karewa Group) using conventional geochemical criteria (Section 3.2), geological mapping
and the PCA structure. These assignments served as training labels for the supervised
classification. Because the labels are informed by the same geochemical data used to train
the classifier, the cross-validation results measure the internal consistency and separability
of the assigned groups. The random forest assesses the coherence of the geochemical
classification, not provenance itself, and provides independent validation.

3.3.3. Random Forest Classification

A random forest classifier [54] was trained using provenance labels assigned from
conventional geochemical criteria and geological mapping of the three principal source
terranes identified in Section 2 (Higher Himalayan Crystalline Series, Panjal Trap basalts,
Karewa Group). The hyperparameters (200 trees; maximum depth 5; seven candidate
features per split, ~,/49) were fixed a priori as deliberately conservative choices rather
than tuned: shallow trees act as regularisation for the small sample size, and hyperpa-
rameter optimisation was intentionally avoided because tuning against cross-validation
performance at n = 22 would itself risk overfitting through selection. Performance was
evaluated by leave-one-out cross-validation (LOO-CV), appropriate for small datasets,
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with the procedure repeated across 22 random seeds to quantify sensitivity to stochastic
initialisation. Gini importance ranked features by discriminative power.

INPUT DATA

22 surface sediment samples x 49 elements
(major oxides, trace elements, REE; XRF + ICP-MS)

l z-score standardisation

STAGE 1 — Principal Component Analysis
Exploratory dimensionality reduction (49 variables)
PC1 =39.2% - PC2 = 24.6% - PC3 = 15.5% (X 79.3%)
PC1: mafic-felsic gradient (Ni, Cu, Sc, V vs. Na,0, SiO,)
PC2: carbonate signature (Sr, CaO vs. U, Th)

:

PROVENANCE LABEL ASSIGNMENT

P Conventional geochemistry +

geological mapping + PCA structure

Siliceous-mature (5) - Detrital-mafic (10) - Carbonate (7)

Conventional
geochemistry
ratios, CIA,
ternary plots

training labels

(consistency check, not independent validation)

STAGE 2 — Random Forest Classification

200 trees - max depth =5 - full 49-element input
LOO-CV repeated over 22 initialisations:
median accuracy 95.5% (range 95.5-100%)

Gini importance: Cr > Co > Sc > Ni > Zn

l trained model

STAGE 3 — SHAP Interpretation (Monte Carlo Shapley)
Per-element, per-sample attribution of predictions
Beeswarm - group-wise mean |SHAP| - dependence plots

Mafic class driven by Ni, Fe,03, Sc, Cr, V;
carbonate class by CaO, Sr (threshold = 4-5 wt% CaO)

OUTPUT
Element-specific, quantitative provenance
interpretation complementing bivariate
and ternary diagrams

Figure 3. The three-stage interpretable machine learning pipeline (PCA — random forest — SHAP)

applied to the standardised 22 x 49 Wular Lake geochemical dataset.
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3.3.4. SHAP Analysis

SHAP values [16] were estimated by Monte Carlo permutation sampling of feature
contributions [52], decomposing each prediction into per-element contributions. Monte
Carlo permutation sampling [52] was preferred over TreeSHAP because the entire pipeline
is implemented from first principles in NumPy 2.0, without external machine-learning
libraries (Section 3.3): the model-agnostic permutation estimator applies directly to this
custom ensemble, and its sampling error is negligible for a feature space of this size,
whereas TreeSHAP would have required adopting the tree structures of the SHAPlibrary.
Three visualisations were generated: beeswarm plots (per-sample attributions), summary
bar plots (mean absolute SHAP per provenance group), and dependence plots (feature
value vs. SHAP value, coloured by an interacting feature).

4. Results
4.1. Mineralogy

XRD analysis reveals a consistent mineral assemblage across all samples, dominated by
quartz (primary peak at 20 = 26.6°, d = 3.34 A), muscovite/illite (d = 10.0, 4.48 A), chlorite
(d = 7.08, 3.55 A), and feldspar, including both K-feldspar (d = 3.24 A) and plagioclase
(d = 3.18-3.20 A). Subordinate amounts of amphibole (d = 8.40 A) and kaolinite (d = 7.15,
3.58 A) are present in some samples (Figure 4).

M/l
Amp

‘ Wss-11

. WSS-5

Chl/KIn

M/l

Qz

Chl

Qz
Kfs+PI

WSS-21

10

20 30 40 50 60
20 (°, Cu Ka)

Figure 4. XRD patterns of selected surface sediment samples from Wular Lake. Mineral abbreviations
are as follows: Qz, quartz; M/I, muscovite/illite; Amp, amphibole; Chl, chlorite; Kln, kaolinite; Kfs,
K-feldspar; and Pl, plagioclase.

This assemblage is consistent with derivation from metamorphic and volcanic source
rocks: quartz and muscovite/illite from the Higher Himalayan Crystallines, chlorite and
amphibole from the Panjal Trap mafic volcanics, and feldspar from both sources. These
attributions are permissive rather than unique. Quartz, feldspar, chlorite and amphibole
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occur in more than one unit of the catchment and rest on the coherence of the assem-
blage with catchment geology and with the geochemical evidence presented below, rather
than on mineralogy alone. The preservation of primary feldspar indicates that chemical
weathering has not progressed to completion, consistent with the moderate CIA values
discussed below.

No discrete carbonate peaks were resolved in the XRD patterns of the selected samples
shown in Figure 4. This is not inconsistent with the carbonate-bearing provenance group
identified below (Section 4.5.2): the group-mean CaO of 4.6 wt% corresponds to roughly
8 wt% calcite equivalents, close to the practical detection limit of conventional powder XRD
for a minor phase dispersed in a clay-rich, multiphase matrix, and the samples selected for
XRD were not the most CaO-rich. The carbonate designation rests instead on the coherent
geochemical fingerprint of the group: CaO co-varies strongly with Sr (r = 0.91), the element
that substitutes most readily for Ca in calcite, whereas the CaO-NayO correlation expected
if plagioclase controlled the Ca budget is much weaker (r = 0.43), and amphibole is only
a subordinate phase. The eastern and northern catchment supplies detrital carbonate
from the Triassic limestones and calcareous Karewa horizons, and a contribution from
biogenic carbonate (mollusc shell debris and ostracod valves, common in the littoral zones
of Kashmir Valley lakes) is also plausible; the term ‘carbonate-bearing’ is therefore used
here in the sense of a carbonate-influenced, Ca—Sr-enriched geochemical signature rather
than as a mineralogically confirmed carbonate assemblage.

4.2. Major and Trace Element Geochemistry

The Wular Lake sediments are characterised by SiO; = 49.4-61.1 wt% (mean 53.9),
Al,O3 = 13.7-18.0 wt% (mean 16.2), Fe;O3 = 6.7-12.2 wt% (mean 9.2), and CaO = 1.1-7.2 wt%
(mean 2.6) (Table 1).

Table 1. Major oxide concentrations (wt%) and chemical weathering indices of Wular Lake sur-
face sediments, summarised by provenance group as the mean (range). CaO* is corrected fol-
lowing the method of McLennan [2] using molar proportions. Full per-sample data are given in

Supplementary Table S2.
Parameter Siliceous-Mature Detrital-Mafic Carbonate-Bearing  All Samples (n = 22)
SiO, 57.3 (54.2-61.1) 51.2 (49.4-53.7) 55.2 (52.5-59.1) 53.9 (49.4-61.1)
AlLOs 16.1 (15.8-16.4) 17.2 (15.9-18.0) 15.0 (13.7-16.4) 16.2 (13.7-18.0)
TiO, 1.13 (1.06-1.26) 1.13 (1.03-1.23) 1.02 (0.94-1.13) 1.10 (0.94-1.26)
Fe;O3 8.1 (7.6-8.5) 10.8 (9.5-12.2) 7.6 (6.7-8.5) 9.2 (6.7-12.2)
MnO 0.13 (0.09-0.18) 0.15 (0.12-0.18) 0.12 (0.11-0.13) 0.14 (0.09-0.18)
MgO 3.0(2.9-3.1) 3.6 (3.4-4.4) 3.3 (2.9-3.5) 3.3(29-44)
CaO 1.6 (1.1-2.1) 1.8 (1.3-3.6) 4.6 (1.7-7.2) 2.6 (1.1-7.2)
Na,O 1.03 (0.92-1.10) 0.81 (0.72-1.06) 1.02 (0.95-1.11) 0.93 (0.72-1.11)
K,O 2.9(2.7-3.0) 3.2 (2.5-3.3) 2.7(25-3.1) 3.0 (2.5-3.3)
P,05 0.18 (0.16-0.20) 0.19 (0.16-0.33) 0.20 (0.16-0.24) 0.19 (0.16-0.33)
CIA 71.2 (70.3-72.8) 73.8 (71.9-75.1) 70.2 (68.5-71.8) 72.1 (68.5-75.1)
CIW 82.7 (81.7-84.0) 86.5 (82.0-88.3) 81.6 (79.0-83.9) 84.1 (79.0-88.3)
PIA 79.3 (78.1-81.0) 83.7 (79.0-85.8) 78.1 (75.3-80.6) 80.9 (75.3-85.8)
Icv 1.11 (1.05-1.18) 1.25 (1.16-1.43) 1.37 (1.12-1.59) 1.26 (1.05-1.59)
MIA 66.9 (64.6-69.0) 66.3 (55.9-68.9) 54.9 (45.7-66.5) 62.8 (45.7-69.0)
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Enrichment factors relative to UCC show consistent TiO, enrichment (EF = 1.63 mean),
in harmony with a contribution from Ti-bearing phases. NayO is systematically depleted
(EF = 0.27), consistent with preferential loss of Na-bearing plagioclase during weathering.
K5O is near UCC levels (EF = 1.0), consistent with the retention of K in muscovite and illite.
Fe,O3 enrichment (EF = 1.4-2.2) is highest in the southern and western sampling stations,
suggesting a spatial gradient in mafic source contribution. Trace element concentrations
are presented in Supplementary Table S3.

Rare Earth Element Pattern

Chondrite-normalised REE patterns (Figure 5; Table 2) display consistent LREE en-
richment and moderately fractionated HREE segments across all 22 samples. Total REE
concentrations range from 138.0 to 229.2 ppm (mean 176.9 ppm), with LREE/HREE ratios of
7.1-12.8 (mean 9.2). The (La/Yb)y ratios of 8.0-19.4 (mean 11.5) indicate pronounced LREE
fractionation, while (Gd/Yb)y ratios of 1.8-2.9 (mean 2.2) indicate moderate fractionation
within the HREE. All samples exhibit moderate negative Eu anomalies (Eu/Eu* = 0.56-0.73,
mean 0.64), inherited from source rocks in which plagioclase fractionation during in-
tracrustal magmatic differentiation depleted Eu relative to that of its neighbouring REE. Ce
anomalies are negligible (Ce/Ce* = 0.98-1.03, mean 1.01), confirming that the sediments
have not been significantly affected by redox-sensitive Ce fractionation. PAAS-normalised
patterns were also examined: they are nearly flat, with mean (La/YDb) relative to PAAS
of 1.25, consistent with a typical post-Archaean upper-crustal REE budget [55]; chondrite
normalisation is retained in the figures for direct comparability with the Panjal Trap and
regional literature [51].

—e— \Wular Mean
-m- UCC

102 4

Sample / Chondrite

101 -

La ce Pr Nd Sm Eu Gd To Dy Ho Er Tm Yb Lu
Figure 5. Chondrite-normalised REE patterns [51] of Wular Lake surface sediments (light traces), the
dataset mean (blue), and upper continental crust (UCC; red) [47].
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Table 2. Chondrite-normalised REE parameters [51] of Wular Lake surface sediments by provenance
group, mean (range). Full per-sample REE concentrations are given in Supplementary Table 54.

Parameter Siliceous-Mature Detrital-Mafic Carbonate-Bearing All Samples
2REE (ppm) 215.2 (200.9-229.2) 156.8 (138.0-169.4) 178.2 (163.4-205.6) 176.9 (138.0-229.2)
LREE/HREE 10.2 (9.6-10.9) 8.3 (7.1-9.5) 9.7 (8.6-12.8) 9.2 (7.1-12.8)

(La/Yb)N 13.7 (12.5-14.6) 9.5 (8.0-11.6) 12.7 (10.5-19.4) 11.5 (8.0-19.4)

(Gd/Yb)n 2.5(2.3-2.7) 1.9(1.8-2.1) 2.3(2.1-2.9) 2.2(1.8-2.9)

Eu/Eu* 0.57 (0.56-0.58) 0.70 (0.67-0.73) 0.61 (0.57-0.65) 0.64 (0.56-0.73)
Ce/Ce* 1.01 (1.00-1.03) 1.02 (1.00-1.03) 1.01 (0.98-1.03) 1.01 (0.98-1.03)

The REE patterns show systematic variation among the three provenance groups iden-
tified from conventional geochemistry and geological mapping. Samples from the Higher
Himalayan Crystalline-dominated sites (WSS-7, WSS-8, WSS-9, WSS-21, WSS-22) exhibit the
highest 2REE (mean 215.2 ppm), the strongest negative Eu anomalies (Eu/Eu* = 0.56-0.58,
mean 0.57), and consistently high LREE/HREE fractionation ((La/Yb)yN = 12.5-14.6), con-
sistent with derivation from evolved felsic crystalline sources, where feldspar fractionation
produces pronounced Eu depletion. The Panjal Trap-dominated samples (WSS-1, WSS-2,
WSS-3, WS5-12-17, WSS-20) have the lowest ZREE (mean 156.8 ppm) but the weakest
Eu anomalies (Eu/Eu* = 0.67-0.73, mean 0.70), reflecting the mafic volcanic contribution,
where less feldspar fractionation yields REE patterns closer to those of the source. The
carbonate-influenced samples (WSS-4-6, WSS-10-11, WSS-18-19) show intermediate values
(XREE =178.2 ppm, Eu/Eu* = 0.57-0.65), suggesting mixed input from both crystalline and
volcanic sources, with additional carbonate dilution from the Karewa Group. Notably, this
group is the most heterogeneous in regards to LREE fractionation ((La/Yb)n = 10.5-19.4):
sample WSS-18, the boundary sample misclassified in the random forest cross-validation,
records the highest (La/Yb)y ratio in the dataset; this felsic-like REE signature explains its
recurrent assignment to the siliceous-mature class in the cross-validation.

4.3. Chemical Weathering Assessment

The Chemical Index of Alteration ranges from 68.5 to 75.1 (mean 72.1), indicating mod-
erate silicate weathering (Table 1). The CIW (79.0-88.3, mean 84.1) and PIA (75.3-85.8, mean
80.9) values corroborate this assessment, with both indices recording slightly higher appar-
ent weathering than CIA because their formulations exclude K,O. The ICV ranges from
1.05 to 1.59 (mean 1.26), with all samples exceeding unity, confirming that the sediments
are compositionally immature and dominated by first-cycle detrital input with minimal
recycling [8]. The MIA values (45.7-69.0, mean 62.8) further support moderate weathering,
consistent with the cold-temperate climate of the Kashmir Valley, where seasonal snowmelt
and cool temperatures limit the intensity of chemical alteration.

On the A-CN-K ternary diagram (Figure 6a), the samples plot along a trend sub-
parallel to the A—CN join between the plagioclase-K-feldspar join and the muscovite-illite
composition, consistent with progressive removal of Na and Ca during feldspar hydrolysis,
while K is retained in mica phases [43]. The A-CNK-FM ternary (Figure 6b) shows samples
displaced toward the FM apex relative to the average UCC, reflecting the significant
contribution of ferromagnesian material from the Panjal Trap volcanics.

https://doi.org/10.3390 /min16080805


https://doi.org/10.3390/min16080805

Minerals 2026, 16, 805

13 of 26

Smectite

A Kaolinite, Gibbsite, Chlorite A
Kaolinite, Gibbsite

Illite
Illite

Muscovite

Biotite

Andesite  Granite
Granodiorite

K-Feldspar Feldspar

“\ Chlorite

"~ Biotite

CN

K CNK FM

(a) (b)
Figure 6. (a) A-CN-K and (b) A-CNK-FM ternary diagrams [43,44] for Wular Lake surface sediments.

4.4. Sediment Classification and Provenance

On the Pettijohn et al. [46] diagram (Figure 7a), all the samples plot in the litharenite
field, consistent with their immature, lithic-rich character; because this scheme was devised
for terrigenous sands, the designation is reported only for comparison with earlier studies.
On the Herron [6] classification diagram (Figure 7b), the samples again form a coherent
cluster at low log(5iO,/ Al,O3), placing them in the shale field; the term is used here in
a purely compositional (geochemical) sense, as the material is modern, unconsolidated
mud rather than lithified rock. Their elevated Fe;O3/K,0 ratios (2.6-4.0) place the cluster
toward the upper part of the shale field, recording the substantial contribution of ferromag-
nesian detritus from the Panjal Trap basalts, although the iron enrichment does not reach
the values characteristic of true Fe-shales. The apparent contrast between the litharenite
designation in (a) and the shale field in (b) arises because the two schemes discriminate on
different second axes: both share log(S5iO, /Al,O3), on which the samples plot uniformly
low (fine-grained, clay-rich compositions), but the sand-oriented Pettijohn scheme sepa-
rates on NayO/K;O, where the low ratios of these K-rich, Na-depleted muds fall in the
litharenite field, whereas the Herron scheme separates on FepO3/K,O. The two diagrams
are therefore mutually consistent: both identify the sediments as fine-grained, texturally
and compositionally immature, first-cycle deposits in which a felsic crystalline framework
signature is overprinted by a significant mafic input.

Provenance discrimination ratios indicate a predominantly intermediate to mafic
source character. The SiO,/Al,Os3 ratios (2.8-4.0, mean 3.3) fall below the average for ma-
ture quartzose sands (>5) but above typical values for immature first-cycle sediments (<3),
suggesting mixed provenance. The invariably high K,O/NayO ratios (2.2-4.5, mean 3.3) re-
flect both the K-rich nature of the metamorphic source rocks and the preferential depletion
of Na during weathering. Fe;O3/K,0 ratios (2.6-4.0, mean 3.1) exceed the threshold of 2,
which distinguishes mafic-influenced from felsic-dominated sediments. Al,O3/TiO; ratios
(12.6-16.0) are consistent with derivation from intermediate to mafic igneous rocks [45].

Immobile-element ratios provide weathering- and sorting-insensitive provenance
constraints (Table 3). Th/Sc (0.52-1.24, mean 0.91), La/Sc (1.34-3.38, mean 2.19), Cr/Th
(5.6-22.3, mean 8.4) and Co/Th (0.96-4.56, mean 1.66) all lie between the compositional
ranges of purely silicic and purely basic source rocks [48], bracketing the UCC values
(Th/Sc=0.75,La/Sc = 2.21, Cr/Th = 8.8, Co/Th = 1.65) [47] and confirming a mixed felsic—
mafic provenance. The three groups are systematically displaced: the siliceous-mature
samples have the highest Th/Sc (1.00-1.24) and La/Sc (2.68-3.38) and the lowest Cr/Th
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(5.6-7.7) values, whereas the detrital-mafic samples show the reverse (Th/Sc = 0.52-0.84;
Cr/Th up to 22.3 in WSS-3), a shift toward the basic-source field consistent with the Panjal
Trap contribution. Zr/Sc ratios are uniformly low (3.4-6.0) relative to the UCC (~13.8), and
the samples follow the primary compositional trend rather than the zircon-addition trend

in Th/Sc—Zr/Sc space [56], independently corroborating the first-cycle character inferred

from ICV. Kruskal-Wallis tests with exact permutation p-values confirm that the group
contrasts are statistically significant for all key discriminating variables: SiO,, Fe,O3, CaO,

Sc, Cr, Co, Ni, Zn, V, Sr, XREE, Eu/Eu*, (La/Yb)y, Th/Sc, Cr/Th and Co/Th (H = 10.3-16.9;
p < 0.002 in all cases; Supplementary Table S6).
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Figure 7.

Sediment classification of Wular Lake surface sediments: (a) log(Na,O/K;O) vs

log(5iO, / Al,O3) diagram [46]; (b) log(Fe;O3/K50) vs. log(S5iO, / Al,O3) diagram [6].

Table 3. Immobile-element provenance ratios of Wular Lake surface sediments by provenance group,
mean (range), compared with upper continental crust (UCC) [47] values and with the compositional

ranges of sediments derived from silicic and basic source rocks [48]. Per-sample values and Kruskal—-
Wallis statistics are given in Supplementary Table S6.

Ratio Siliceous-Mature Detrital-Mafic Carbonate-Bearing All Samples (n=22) UCC[41] Silicic/Basic Sources [52]
Th/Sc 1.12 (1.00-1.24) 0.78 (0.52-0.84) 0.94 (0.82-1.14) 0.91 (0.52-1.24) 0.75 0.84-20.5/0.05-0.22
Zr/Sc 5.64 (4.97-6.03) 4.37 (3.57-5.28) 4.28 (3.43-5.11) 4.63 (3.43-6.03) 13.8 -
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Table 3. Cont.

Ratio

Siliceous-Mature Detrital-Mafic Carbonate-Bearing All Samples (n=22) UCC|[41] Silicic/Basic Sources [52]
La/Sc 2.94 (2.68-3.38) 1.65 (1.34-1.89) 2.41(2.11-3.31) 2.19 (1.34-3.38) 221 2.50-16.3/0.43-0.86
Cr/Th 6.55 (5.59-7.66) 10.4 (8.6-22.3) 6.94 (5.87-7.94) 8.42 (5.59-22.34) 8.8 4.00-15.0/25-500
Co/Th 1.20 (0.96-1.49) 2.08 (1.65-4.56) 1.39 (1.12-1.96) 1.66 (0.96-4.56) 1.65 0.22-1.5/7.1-8.3

4.5. Machine Learning Framework Result
4.5.1. Principal Component Analysis

PCA on the full 49-element dataset extracts three principal components explaining
79.3% of total variance (PC1 = 39.2%, PC2 = 24.6%, PC3 = 15.5%; Figure 8a). Notably,
while a conventional PCA restricted to the 10 major oxides captures 78.1% of variance
in just two components, the full 49-element PCA requires three components to reach a
similar threshold. This partly reflects the increased dimensionality of the larger dataset;
that the additional dimensions carry provenance-relevant rather than merely additional
information is indicated independently by the dominance of trace elements in the random
forest importance ranking and by the significant inter-group contrasts of the immobile
trace-element ratios (Table 3). PC1 separates samples along a mafic—felsic gradient, with
strong positive loadings on Ni (+0.220), Cu (+0.215), Sc (+0.214), V (+0.211), and Fe;O3
(+0.209) opposing those on Na,O (—0.201) and SiO, (—0.189). PC2 captures the carbonate
signature, with negative loadings on Sr (—0.207) and CaO (—0.191) opposing U (+0.267)
and Th (+0.234) (Figure 8b). The complete PC1-PC3 loadings for all 49 variables are listed
in Supplementary Table S5.
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Figure 8. (a) Scree plot of explained variance for the 49-element PCA; (b) PCA biplot (PC1 vs. PC2)
with samples coloured by provenance group and selected variable loadings.
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4.5.2. Provenance Classification

On the basis of conventional geochemical criteria, geological mapping of source
terranes, and the PCA structure described above, the 22 samples can be assigned to three
provenance end-members (Table 4). The siliceous-mature group (n = 5: WSS-7, WSS-8,
WSS-9, WSS-21, WSS-22) is characterised by the highest SiO; (57.3 wt%) and relatively
low FepO3 (8.1 wt%), Sc (15.5 ppm), and Sr (106.3 ppm) values, consistent with recycled
Higher Himalayan crystalline sources. The detrital-mafic group (n = 10: WSS-1, WSS-2,
WSS-3, WSS-12-17, WSS-20) exhibits high Fe,O3 (10.8 wt%), Sc (19.1 ppm), V, Cr, Co, and
Ni values, reflecting significant Panjal Trap volcanic input. The carbonate-bearing group
(n =7: WS5-4-6, WS5-10-11, WS5-18-19) is distinguished by elevated CaO (4.6 wt%) and Sr
(158.3 ppm) values. These assignments served as the training labels for the random forest
classifier described below.

Table 4. Characteristics of the three provenance end-members used as random forest training labels
(group means; concentrations in wt% for oxides and ppm for trace elements).

Provenance Group n Samples SiO, Fe,O3 CaO Sc Cr Ni Sr YREE Eu/Eu*
Siliceous-mature 5 W7, W8, W9, WSS-21, WSS-22 57.3 8.1 1.6 155 1133 49.7 1063 2152 0.57
. ) W1, W2, W3, W12, W13, W14, W15,
Detrital-mafic 10 W16, W17, W20 51.2 10.8 1.8 19.1 1477 768 126.6 156.8 0.70
Carbonate-bearing 7 W4, W5, W6, W10, W11, W18, W19 55.2 7.6 4.6 155 101.0 477 1583 1782 0.61

To test whether this three-group structure is an artefact of the analyst-assigned la-
bels, unsupervised clustering was applied to the standardised 22 x 49 matrix without
any label information. k-means clustering (k = 3, 50 random restarts) reproduced the
assigned partition exactly (Adjusted Rand Index (ARI) = 1.0), and Ward’s hierarchical
clustering preserved the siliceous-mature and carbonate-bearing groups while splitting
the detrital-mafic group into two sub-clusters and attaching its three transitional mem-
bers to the carbonate-bearing cluster (ARI = 0.59), consistent with a mixing continuum
between the mafic and carbonate-influenced end-members. The three provenance groups
therefore represent intrinsic structure in the geochemical data rather than an imposed
classification, although the supervised cross-validation results remain, strictly, a measure
of internal consistency.

4.5.3. Random Forest Classification

Repeated across 22 random initialisations, the random forest LOO-CV accuracy has
a median of 95.5% (range 95.5%-100%), the more conservative and reliable performance
estimate given the high-dimensional setting (p = 49, n = 22; the perfect training accuracy
of 1.000 is expected when p >> n and should not be over-interpreted). The sole recurrent
misclassification is WSS-18 (18 of 22 initialisations), a boundary sample with the lowest CaO
(1.75 wt%) in the carbonate-bearing group, consistently predicted as siliceous-mature when
misclassified in line with its strongly fractionated, felsic-like REE pattern. Gini importance
(Figure 9a) identifies Cr (0.070), Co (0.062), Sc (0.055), Ni (0.051), and Zn (0.046) as the top
discriminators. All compatible trace elements associated with mafic lithologies confirm that
the primary provenance contrast is between Panjal Trap-derived material and other sources.
The major oxides Fe;O3 (0.034) and CaO rank lower, suggesting that trace elements carry
more provenance information than do traditional major oxide ratios.
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Figure 9. (a) Random forest Gini feature importance (200 trees, maximum depth 5); (b) modal
leave-one-out cross-validation confusion matrix across 22 random initialisations (median accuracy
95.5%). Dark blue indicates a higher number of samples in each cell, whereas lighter blue indicates
fewer samples.

Per-class performance in the modal LOO-CV confusion matrix corresponds to preci-
sion/recall/F1 of 0.83/1.00/0.91 for the siliceous-mature, 1.00/1.00/1.00 for the detrital-
mafic and 1.00/0.86/0.92, respectively, for the carbonate-bearing class, with a balanced
accuracy of 0.95. The Wilson 95% confidence interval for the median LOO-CV accuracy
(21 of 22 correct) is 78.2%-99.2%; the width of this interval reflects the small sample size,
and the perfect training accuracy equally indicates that model complexity approaches the
sample size. Both observations underscore that the headline accuracy should be read as
an internal-consistency measure for the assigned provenance groups rather than as an
estimate of generalisation performance [57,58].

4.5.4. SHAP Analysis

SHAP decomposition (Figures 10-12) reveals group-specific element contributions. For
the detrital-mafic provenance, the dominant SHAP drivers are Ni (mean |SHAP| = 0.051),
Fe;O3 (0.048), Sc (0.048), Cr (0.040), and V (0.040), with high values consistently pushing
SHAP values toward positive. For the carbonate-bearing provenance, the same elements
operate with reversed polarity, while CaO and Sr act as secondary positive drivers. The
siliceous-mature provenance shows a more distributed SHAP signature, with Sc, Pb, U,
Cr, and Gd all contributing modestly, consistent with a mixed, recycled source. SHAP
dependence plots (Figure 12) reveal monotonically increasing effects for Sc and V in the
detrital-mafic class and a nonlinear threshold for CaO in the carbonate-bearing class, with
classification probability rising sharply above 4-5 wt%. Throughout, SHAP values quantify
how the classifier uses the geochemical variables to separate the predefined provenance
groups from their statistical importance within the model, and their geological significance
is asserted only where they converge with independent evidence such as the immobile-
element ratios (Table 3) and the REE systematics.
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SHAP summary — Detrital-mafic (Panjal Trap) provenance

High
Ni{ ®* BB o 26080
Fe,0;{ ©® Q9@ ©e@d:0
sci o QM ® %°%,
Cr- ST A ° *°8u :
©
& g 8, . * 6% E
g
Co 1 hge . o o 0ol §
g
Zn A o 6§00 o ©Bgy §
Cu 1 <8 o Cy.
Laq oS8 &%
B oIS 200 ° %
T T T T T T Low
~0.06 ~0.04 ~0.02 0.00 0.02 0.04 0.06

SHAP value (impact on Detrital-mafic probability)

Figure 10. SHAP summary (beeswarm) plot for the detrital-mafic (Panjal Trap) provenance class;
points are individual samples coloured by element concentration. The vertical line (SHAP = 0)
separates positive and negative feature contributions to the class prediction.
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Figure 11. Group-wise mean absolute SHAP values for the ten most influential elements across the
three provenance classes.
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(a) Sc dependence — Detrital-mafic class

(b) CaO dependence — Carbonate-bearing class
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Figure 12. SHAP dependence plots: (a) Sc for the detrital-mafic class (coloured by V); (b) CaO
for the Carbonate-bearing class (coloured by Sr). The horizontal line at SHAP = 0 indicates no
contribution to the model prediction; points above and below the line represent positive and negative
contributions, respectively.
4.6. Regional Comparison
Compared with those from other Kashmir Valley lakes, Wular Lake sediments dis-
play moderate weathering intensity (CIA ~72) intermediate between the low—moderate
values reported by Shah et al. [5] for Wular Lake (CIA ~64) and the intense weath-
ering (CIA 87-95) documented in Dal Lake sediments [59]. The mineralogical assem-
blage (quartz + muscovite/illite + chlorite + feldspar) is consistent across all Kashmir Val-
ley lakes, including Manasbal Lake [60] and Dal Lake [59], confirming a shared regional
source terrane. All studies identify the Panjal Traps as the dominant mafic contributor,
although the relative carbonate input varies spatially across the valley. Table 5 summarises
the key geochemical parameters across the Kashmir Valley lakes.
Table 5. Regional comparison of geochemical parameters across Kashmir Valley lakes.
Parameter Waular Lake (This Study) Waular Lake [5] Dal Lake [59] Manasbal Lake [60]
CIA 68.5-75.1 (mean 72.1) ~64 87-95 Low-moderate
Weathering intensity Low to moderate Low to moderate Intense Low to moderate
Dominant provenance Panjal Traps (mafic) Panjal Traps (mafic) Panjal Traps (mafic) Panjal Traps (mafic)

5. Discussion
5.1. Weathering Regime and Climate Control

Comparable to sediments from other cold-climate Himalayan settings, moderate CIA
values (68.5-75.1) place Wular Lake sediments in the incipient to moderate weathering zone
developed by Nesbitt and Young [3]. Das and Haake [61] reported CIA values of 75.2-78.1
for Rewalsar Lake sediments in the Lesser Himalaya, indicating moderate to high weather-
ing in a comparable montane catchment with mixed metamorphic and sedimentary source
rocks. Shao et al. [62] documented CIA values of 65-75 for Yangtze River sediments that
integrate contributions from both intensely weathered subtropical lowlands and relatively
unweathered high-elevation Tibetan Plateau sources. The Wular Lake CIA range (68.5-75.1)
is slightly lower than that of Rewalsar Lake, consistent with the cold temperate climate
of the Kashmir Valley, where physical weathering driven by frost action and seasonal
snowmelt dominates over chemical alteration and is substantially lower than the intense
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weathering (CIA 87-95) recorded in Dal Lake sediments [59], where longer sediment
residence times and anthropogenic inputs enhance apparent weathering signatures.

Potassium metasomatism, which can deflect A-CN-K trends toward the K-apex
and lower apparent CIA values [41], does not appear to have affected these sediments:
the samples define a trend sub-parallel to the A-CN join, with no deflection toward
K, and K,O/Al,O3 ratios (0.16-0.19) remain well below values characteristic of K-
feldspar-enriched or metasomatised compositions, consistent with K residing chiefly in
detrital muscovite/illite.

The moderate weathering intensity should not be read as a purely climatic signal.
In the Himalayan orogen, rapid tectonic uplift, steep relief and short sediment residence
times limit the duration of regolith exposure, so that erosion outpaces chemical alteration
regardless of temperature; the Kashmir Valley combines this tectonic forcing with a cold
temperate climate in which frost shattering and seasonal snowmelt further favour physical
denudation. The CIA values of 68.5-75.1 therefore record the combined effect of a kinetically
limited, supply-dominated weathering regime and a cool climate, and the two controls
cannot be fully separated considering the present data.

The ICV values consistently exceeding unity (1.05-1.59) provide complementary ev-
idence of compositional immaturity, a characteristic that Cox et al. [9] associated with
first-cycle sediments. This is consistent with the broader pattern observed across Hi-
malayan lake sediments, where rapid physical denudation outpaces chemical weathering
and preserves primary source signatures in the sediment geochemistry. Importantly, the
ML results are consistent with this assessment: the random forest’s top discriminating
features are compatible trace elements (Cr, Co, Sc, Ni) rather than weathering-mobile major
oxides (NayO, CaO). Feature importance measures usefulness for separating the assigned
classes rather than process control, so this observation is consistent with provenance sig-
nals dominating over weathering overprints. If chemical weathering had substantially
modified the original source signatures, the weathering-sensitive elements would be ex-
pected to rank higher in the feature importance hierarchy, and the ML classifications would
have reflected weathering intensity rather than lithological provenance. The uniformly
low Zr/Sc ratios (3.4-6.0) and the position of the samples along the primary composi-
tional trend in Th/Sc—Zr/Sc space [56] independently corroborate this first-cycle character
provenance discrimination.

5.2. Provenance Identification: Conventional vs. Machine Learning Approaches

The conventional provenance indicators unanimously point to a mixed source domi-
nated by mafic volcanic (Panjal Trap) input: Fe,O3 /KO ratios exceed 2, Al,O3/TiO; ratios
of 12.6-16.0 fall within the intermediate-to-mafic source field of Hayashi et al. [45], and
the Herron classification places all samples in the shale field, their elevated iron contents
reflecting the significant mafic detrital contribution. These findings are consistent with the
work of Shah et al. [5], who identified the Panjal Traps as the primary source of Wular Lake
sediments based on magnetic susceptibility and major oxide geochemistry.

An alternative explanation for the elevated Fe,O3 /KO ratios post-depositional iron
enrichment through redox cycling or diagenetic Fe-oxyhydroxide precipitation [63] can
be evaluated against the trace-element systematics. Fe,O3 correlates strongly with the
immobile mafic tracers Ni (r = 0.90), V (r = 0.89) and Sc (r = 0.87), but only weakly with LOI
(r =0.24), and Ce anomalies are absent (Ce/Ce* = 0.98-1.03), indicating that redox-driven
fractionation has not measurably modified the sediment chemistry. In a shallow (<5 m),
seasonally mixed lake with high detrital throughput, prolonged anoxia at the sediment-
water interface is unlikely to be sustained. A minor diagenetic contribution to the Fe budget
cannot be excluded, but the coherence of Fe with the mafic provenance suite indicates that
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detrital input from the Panjal Traps is the dominant control. Hydraulic concentration of
heavy minerals offers a further alternative explanation for the TiO; and Fe,O3 enrichments;
however, the uniformly low Zr/Sc ratios (3.4-6.0; Table 3) argue against significant heavy-
mineral concentration, since hydrodynamic enrichment of rutile or ilmenite would be
expected to co-concentrate zircon.

The critical question is whether the ML framework adds genuine value beyond what
conventional methods already establish. We argue that it does, on three grounds. First,
the random forest trained on all 49 elements simultaneously achieves a median LOO-CV
accuracy of 95.5% in discriminating the three provenance end-members, a quantitative
internal-consistency test showing that the groups are separable in the full multivariate
space, conditional on the assigned labels, which hand-selected bivariate diagrams can-
not provide. In practice, conventional provenance analysis integrates multiple diagrams
with mineralogical, petrographic and geological evidence; the multivariate test offered
here complements rather than replaces that integration. Ueki et al. [14] demonstrated a
comparable advantage in their ML-based tectonic discrimination of igneous rocks, achiev-
ing classification accuracy exceeding 83% across eight tectonic settings using 20 elements
simultaneously, an outcome that conventional binary diagrams could not replicate for
intermediate compositions.

Second, the random forest feature importance and SHAP analyses reveal that trace
elements (Cr, Co, Sc, Ni, Zn) carry substantially more provenance-discriminating power
than do the major oxides traditionally used in geochemical diagrams. This finding has
direct practical implications: it suggests that, within this dataset, trace elements carry
the greater share of provenance-discriminating information, a cross-comparative ranking
that the conventional bivariate approach cannot supply. Whether this justifies prioritising
trace element analysis in future Kashmir Valley provenance studies requires confirma-
tion with additional datasets and independent study areas. Hasterok et al. [13] reached
a parallel conclusion in their ML-based identification of metamorphic protoliths, where
ensemble tree methods (RUSBoosted) correctly identified 95% of igneous and 85% of sedi-
mentary protoliths from major element chemistry alone, demonstrating that ML can extract
lithological information from geochemical data more efficiently than can conventional
classification schemes. We note, however, that these comparative studies drew on datasets
one to two orders of magnitude larger than ours and on different geological materials, so
the comparisons are indicative rather than direct.

Third, SHAP dependence plots reveal the functional form of the relationships the
classifier has learned between element concentrations and the assigned provenance classes.
The approximately monotonic and additive effects of Sc, V, and Cr on the detrital-mafic
classification are consistent with a simple mixing interpretation, where increasing concen-
trations of these mafic tracers linearly increase the probability of Panjal Trap provenance.
This finding supports the conventional assumption underlying bivariate discrimination
diagrams that individual elemental ratios can be interpreted in isolation. Had the SHAP
analysis revealed strong interaction effects (high H-statistics), it would have challenged
this assumption, suggesting that element ratios should be interpreted jointly rather than
independently. The fact that the ML results are consistent with the conventional framework,
while simultaneously extending it beyond what bivariate diagrams can achieve, represents
a genuine methodological advance.

5.3. REE Constraints on Provenance

The chondrite-normalized REE patterns provide complementary provenance con-
straints that support the conventional elemental ratios and the ML-derived provenance
assignments. The overall pattern shows strong LREE enrichment, moderate negative Eu
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anomalies, and flat HREE, which is characteristic of sediments derived from upper con-
tinental crustal sources where intracrustal differentiation has produced LREE-enriched,
Eu-depleted compositions [55]. The provenance-specific Eu/Eu* values are particularly di-
agnostic. The siliceous-mature group exhibits the most pronounced negative Eu anomalies
(Eu/Eu* = 0.56-0.58), consistent with derivation from felsic crystalline sources (gneisses,
granites), where extensive feldspar fractionation during magmatic evolution depletes Eu
values relative to that of its neighbours. In contrast, the detrital-mafic group shows signifi-
cantly weaker Eu anomalies (Eu/Eu* = 0.67-0.73), approaching values typical of mafic vol-
canic rocks where less feldspar fractionation preserves a more primitive REE distribution.

This Eu/Eu* contrast between provenance groups provides strong complementary
support for the three-source model. The fact that a largely independent geochemical proxy,
the Eu anomaly which discriminates the same provenance groups inferred from conven-
tional ratios and recovered by the random forest method, strengthens confidence in both
approaches. Furthermore, the elevated ~REE in the siliceous-mature group (mean 215 ppm
vs. 157 ppm in the detrital-mafic group) is consistent with the higher incompatible element
concentrations expected from evolved felsic lithologies. The REE data also illuminate the
transitional character of the carbonate-bearing group (Eu/Eu* = 0.57-0.65), whose inter-
mediate values suggest mixed input from both felsic and mafic sources, with additional
dilution by REE-poor carbonate material from the Karewa Group.

The negligible Ce anomalies (Ce/Ce* = 0.98-1.03) across all samples indicate that
the sediments have not been significantly affected by oxidative Ce fractionation, which
can occur in highly oxidising lacustrine or marine environments. This confirms that the
REE patterns primarily reflect source lithology rather than post-depositional modification,
reinforcing their reliability as provenance indicators.

5.4. Regional Context

The regional comparison shows that while all Kashmir Valley lakes share a common
mineralogical assemblage and Panjal Trap-dominated provenance, the degree of chemical
weathering varies systematically. Dal Lake, situated in the more urbanised and lower-
elevation portion of the valley, records CIA values of 87-95 [59], significantly higher
than those of Wular Lake (68.5-75.1), likely reflecting both the longer residence time
of Dal Lake sediments and the additional contribution of anthropogenically modified
material. Manasbal Lake records low to moderate weathering [60], comparable to our
results, consistent with its similar catchment characteristics.

Anthropogenic influence on the catchment (agriculture, settlements and catchment
disturbance) could, in principle, modify the concentrations of pollution-sensitive elements.
Al-normalised enrichment factors for these elements are, however, only minor to moderate
(Pb=14,Cu=16,Cd=172Zn =19 and Sb = 2.9 on average; <1.7 when normalised to
TiO,), indicating a modest anthropogenic overprint, although the Sb enrichment merits
monitoring. More importantly, the elements that carry the provenance discrimination (Cr,
Co, Sc, Ni, V and the REE) are not typical urban or agricultural contaminants and co-vary
coherently with the mafic detrital suite, so the provenance interpretation is robust to this
overprint, in line with observations from Dal Lake, where anthropogenic effects are far
stronger [59].

The ML framework developed here is transferable, in principle, to these other Kashmir
Valley lakes and to other multi-source lacustrine settings where conventional provenance
approaches are limited by their bivariate nature. The pipeline requires only a standard
multi-element geochemical dataset and can be implemented entirely with freely available
open source tools (this study used Python 3.11 using NumPy 2.0 implementation using
Visual Studio Code version 1.96), making it accessible to the broader geochemical commu-
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nity. Future applications could extend the SHAP-based interpretive framework to quantify
temporal changes in provenance mixing, for example, by applying the pipeline to sediment
core data to track how the relative contributions of the three source terranes have varied in
response to Holocene climate changes or anthropogenic land-use modifications. Formal
end-member mixing models that quantify the proportional contribution of each source
terrane would require representative multi-element compositions of the Panjal Trap basalts,
Higher Himalayan Crystallines and the Karewa Group, and correspondingly denser source-
rock and tributary sampling; in the interim, the PC1 mafic—felsic gradient and the SHAP
dependence structure provide a semi-quantitative view of the mixing relationships. All in-
dices and multivariate analyses operate on weight-percent and ppm concentrations, which
are compositional data subject to constant-sum closure; log-ratio (clr) transformations
provide a formally consistent alternative and will be explored in future work.

6. Conclusions

An integrated geochemical and machine learning investigation of 22 surface sediment
samples from Wular Lake, Kashmir Valley, yields the following principal conclusions:

(1) The Wular Lake sediments are compositionally immature (ICV > 1), classified as
shales on the Herron [6] diagram and have undergone moderate chemical weathering
(CIA = 68.5-75.1, mean 72.1), consistent with the cold temperate climate of the Kashmir
Valley. The mineralogical assemblage of quartz + muscovite/illite + chlorite + feldspar
confirms the mixed metamorphic—volcanic provenance inferred from the geochemistry.

(2) Conventional provenance discrimination identifies three principal source contribu-
tions: the Higher Himalayan Crystalline Series (siliceous-mature component), the
Panjal Trap basalts (mafic-detrital component), and the Karewa Group (carbonate-
bearing component). Random forest classification on the full 49-element dataset
achieves a LOO-CV accuracy of 95.5%, demonstrating that the provenance assign-
ments are internally consistent with the multivariate geochemical signatures; because
the training labels were informed by the same data, this result constitutes a con-
sistency check rather than a fully independent validation of the provenance model.
Unsupervised k-means clustering, however, reproduces the same three-group struc-
ture without any label information (Adjusted Rand Index = 1.0), indicating that the
partition is intrinsic to the data.

(3) Chondrite-normalised REE patterns provide complementary provenance support
through provenance-specific Eu anomalies: Eu/Eu* = 0.57 (siliceous-mature, felsic
crystalline source), 0.70 (detrital-mafic, Panjal Trap volcanic source), and 0.61 (carbonate-
bearing, mixed input). The negligible Ce anomalies confirm that REE signatures are
source-controlled rather than diagenetically modified.

(4) SHAP analysis demonstrates that compatible trace elements (Cr, Co, Sc, Ni, Zn)
carry greater provenance-discriminating power than do the major oxides traditionally
emphasised in bivariate diagrams, suggesting, subject to confirmation in additional
datasets and independent study areas, that trace elements deserve greater analytical
priority in future Himalayan sediment provenance studies.

(5) The three-stage ML pipeline (PCA — random forest — SHAP) is, in principle, trans-
ferable to other multi-source sedimentary settings where standard multi-element
geochemical data are available, although its performance in locations beyond Wular
Lake remains to be tested. By combining the geological interpretability of conventional
methods with the full-dimensional exploitation of ML, this integrated framework
offers a complementary, more fully multivariate approach to sediment provenance
analysis than does either method alone.

https://doi.org/10.3390/min16080805


https://doi.org/10.3390/min16080805

Minerals 2026, 16, 805 24 of 26

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/min16080805/s1, Table S1: Sampling locations and provenance
group assignments. Table S2: Major oxide concentrations (wt%), LOI, and chemical weathering
indices. Table S3: Trace element concentrations (ppm); Table S4: REE concentrations (ppm) and
chondrite-normalised parameters. Table S5: PCA loadings (PC1-PC3) and Random Forest con-
figuration. Table S6: (a) Immobile-element provenance ratios per sample; (b) Kruskal-Wallis test
results (exact permutation p-values, 20,000 label permutations) for differences among the three
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