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ABSTRACT

Wine origin mislabelling undermines geographical indication (GI) protection and market
confidence, calling for robust, data-driven authentication tools adapted to arid continental
viticulture. Here, we established an integrated element-isotope fingerprinting and chemometric
data-fusion framework to discriminate the region of origin of Xinjiang wines. A total of
473 wines from the 2021 vintage were collected across seven sub-regions (Changji, Hami,
Heshuo, Kuerle, Shihezi, Wujiaqu, and Yangqi). Twenty-seven elements were quantified
by ICP-MS, and 6"3C (ethanol) and 0'*O (water) were measured by IRMS. After z-score
standardisation, PCA revealed partial clustering. At the same time, OPLS-DA improved
separation and highlighted Li, Na, K, Sr, several trace/transition elements (e.g., Cu, V, Mn, and
As) and 6'%0 as the main discriminants (VIP > 1). Correlation analysis indicated that climatic
aridity, particularly evaporation, temperature and sunshine duration, was a key driver of isotopic
enrichment and elemental differentiation. Supervised classification further demonstrated strong
predictive performance, with Random Forest achieving the highest accuracy (92 % in 10-fold
cross-validation), followed by ANN (88 %), SVM (86 %) and recursive partitioning (79 %).
Overall, integrating multi-element and stable-isotope signatures with data-fusion modelling
provides a reproducible and accurate approach for terroir differentiation and region-of-origin
authentication of Xinjiang wines, supporting GI enforcement in arid viticultural regions.

m Xinjiang wines, terroir differentiation, elemental-isotopic fingerprints, chemometric

modelling, origin authentication, arid viticulture
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INTRODUCTION

In the era of globalised wine trade and intensified market
competition, authenticity verification and geographical
indication (GI) protection have become fundamental pillars
for ensuring product credibility and sustaining regional
reputation. As wine fraud and origin mislabelling continue
to challenge both producers and consumers worldwide,
establishing a scientific and traceable origin authentication
system has become an urgent priority for the global wine
industry (Gao et al., 2025; Kamble et al., 2025). Within
this international context, China’s emerging wine regions
— particularly Xinjiang — are drawing increasing attention
for their distinct terroir, extreme climatic conditions, and
strategic role in the globalisation of Chinese wine.

Globally, multi-elemental and isotopic fingerprinting has
become a mature analytical framework for wine origin
traceability and food anti-counterfeiting, with current
research increasingly emphasising not only classification
accuracy but also marker interpretability and inter-regional
comparability (Cellier et al., 2021; Epova et al., 2019;
Erban  Kochergina et al., 2024, Pesme, 2023;
Popirda et al., 2021; Sun et al., 2022). Previous studies have
shown that these approaches can produce region-specific
provenance signatures rather than only broad group separation.
For example, Sr concentration combined with radiogenic
0%¥Sr has been reported as an effective authenticity marker
in regional wine systems, while broader multi-isotope/multi-
element strategies have improved PDO-scale discrimination
and anti-fraud performance when integrated with chemometric
models (Epova et al., 2019; Erban Kochergina et al., 2024;
Popirda et al., 2021; Sun et al., 2022). The isotope systems
involved include hydroclimatic tracers such as 6O (wine
water), 0"*C (wine ethanol), and deuterium-related parameters
(e.g., SNIF-NMR), as well as geogenic/radiogenic tracers
such as 0¥Sr and, in some regional studies, B and Pb
isotope systems (Cellier et al., 2021; Epova et al., 2019;
Erban Kochergina et al., 2024; Pesme, 2023). In Europe,
isotopic reference infrastructures form the scientific basis
for PDO/PGI geographical indication authentication, notably
through the EU Wine Databank (JRC framework), which
supports official authenticity assessments within regulatory
and legal contexts (Crespo-Moncada et al., 2025). At the
analytical-method level, internationally recognised wine
isotope analysis is aligned with OIV standards, including
OIV-MA-AS312-06 (IRMS determination of the §'*C, in wine
ethanol) and OIV-MA-AS311-05 (SNIF-NMR determination
of deuterium distribution in ethanol, including the parameters
(D/H) 1, (D/H) II and R). Likewise, in South Africa and
Australia, element-isotope models have been incorporated
into GI enforcement and export authentication workflows,
demonstrating practical value for fraud prevention and label
verification in international wine trade (Coetzee et al., 2014;
Day & Wilkes, 2021).

Despite these advances, systematic origin-authentication
studies in continental arid viticultural systems remain
limited, even though such systems are increasingly relevant

for climate adaptation research and terroir differentiation
under environmental change. Xinjiang, located in the core
of Central Asia along the ancient Silk Road, is one of the
world’s most arid viticultural regions and is characterised
by strong continentality, abundant solar radiation, low
annual precipitation (< 200 mm), and large diurnal
temperature amplitude (> 15 °C) (Guan ef al., 2022). These
conditions promote high sugar accumulation, balanced
acidity, and concentrated aroma expression, while also
imposing distinct eco-physiological constraints that shape
isotopic and geochemical signatures in grapes and wines
(Miao et al., 2022; Zhang et al., 2021). In contrast to maritime
and Mediterranean viticulture, Xinjiang’s oasis-desert
agroecosystem — sustained largely by glacial-melt irrigation
— creates a coupled hydroclimatic-geochemical terroir system
in which evaporation intensity, irrigation-water source, soil
salinity, and substrate-related geochemistry jointly influence
wine typicity (Shi et al., 2025; Santesteban et al., 2015;
van Leeuwen et al., 2018; van Leeuwen ef al., 2020). Under
this framework, state-of-the-art recognition of Xinjiang
terroir and product wines should be based on coupled
isotope-element features, rather than single variables,
especially 00 of wine water (evaporation and water-
source signal), 0"*C of wine ethanol (vine water status and
carbon isotope discrimination), and salinity-/geology-
related elemental markers (notably Li, Na, and Sr). To
ensure reproducibility and comparability, these features
should be evaluated using explicit analytical parameters and
validation indices, including VIP values (e.g., VIP > 1) in
OPLS-DA, R¥Q? and permutation tests for model validity,
and machine-learning performance metrics (accuracy,
balanced accuracy, precision, recall, and F1-score). From
the perspective of international wine trade and food safety,
establishing a scientifically robust origin-authentication
system for Xinjiang wines is therefore both strategic and
practical; it supports the internationalisation of Chinese-
produced wines by aligning domestic GI protection with OIV
and EU PDO/PGI-compatible traceability frameworks, while
also providing data-based evidence for export authentication,
anti-counterfeiting, and terroir-based brand valorisation
(Anderson, 2025; Mizik & Balogh, 2022; Yang et al., 2022).

Building on this context, the present study develops a sub-
regional authentication framework for Xinjiang wines using
coupled isotope-element fingerprints, with emphasis on
marker interpretability and explicit evaluation parameters. We
analysed 473 wines from seven Xinjiang sub-regions using
multi-element profiling and stable isotopes (0"°C of wine
ethanol and 6'%0 of wine water), and evaluated discrimination
through PCA, OPLS-DA, and machine-learning models
(RF, ANN, SVM, and R-Part). The parameters assessed
include elemental concentrations, isotope ratios, climatic
covariates (temperature, precipitation, sunshine duration, and
evaporation), OPLS-DA statistics (R*X, R?Y, Q?, permutation
tests, VIP > 1), and model-validation metrics (accuracy,
balanced accuracy, precision, recall, and Fl-score). This
framework is designed to identify recurrent high-importance
markers for Xinjiang terroir recognition — particularly
coupled hydroclimatic-geochemical signals such as 6'*0, Li,
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Na, and Sr — and to support Gl-oriented authenticity control
in an arid oasis-desert viticultural system.

MATERIALS AND METHODS

1. Sample collection and preparation

A total of 473 wine samples (Table 1 shows) were collected
from seven sub-regions of Xinjiang, China, namely
Changji (30), Hami (50), Heshuo (106), Kuerle (20),
Shihezi (46), Wujiaqu (130), and Yanqi (91); Figure 1 provides

a geographical overview of the regions from which Xinjiang
wine samples were collected. All samples were obtained
during the 2022 vintage, representing both commercial wines
released in the local market and experimental wines produced
under standardised vinification procedures. Samples were
collected directly from sealed bottles provided by wineries
or official distributors to guarantee authenticity. Each bottle
was coded with a random three-digit number to anonymise
regional identity during subsequent analyses. Prior to
analysis, bottles were stored in a dark cellar at 12 + 2 °C and
65-70 % relative humidity to maintain quality.

TABLE 1. Summary of Xinjiang wine samples by region: sample size (n), all grape cultivars with sample counts, and

vintage range.

Region s“f“ple Cultivars Vinfizcpo
size range
Changii 30 Cabernet-Sauvignon (15); Chardonnay (10); Pinot noir (5) 2022
Hami 50 Chardonnay (10); ltalian Riesling (10); Cabernet-Sauvignon (10); Syrah (10); Merlot (10) 2022
Cabernet-Sauvignon (40); Riesling (20); Merlot (16); Chardonnay (10); Cabernet-
Heshuo 106 Sauvignon/Merlot (10); Syrah (5); ltalian Riesling (5) 2022
Kuerle 20 Cabernet-Sauvignon (10); Cabernet franc (10) 2022
Shihezi 46 Chardonnay (10); Riesling (10); ltalian Riesling (10); Merlot (8); Cabernet-Sauvignon (8) 2022
Cabernet-Sauvignon (30); Merlot (20); Italian Riesling (15); Riesling (15);
Woujiaqu 130 Chardonnay (15); Cabernet-Sauvignon/Merlot (15); Riesling/Chardonnay (5); 2022
Petit Manseng (5); Petit Verdot (5); Syrah (5)
Yandi 01 Cabernet-Sauvignon (35); Merlot (16); Syrah (15); ltalian Riesling/Riesling (10); 2022
anq Cabernet-Sauvignon/Merlot (10); Cabernet Gernischt (5)
I
Changji
- Wujiaqu
‘— Hami
- Kuerle
- Yanqi
- Heshuo

FIGURE 1. Geographic distribution of wine sampling across seven Xinjiang regions — Shihezi, Changji, Wujiaqu,

Hami, Kuerle, Yangi, and Heshuo.
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2. Multielement analysis

2.1. Sample pretreatment

Wine samples were pretreated following established
protocols. Carbon dioxide in sparkling wines was removed by
ultrasonic treatment (Zheng et al., 2025). Aliquots (5.0 mL)
of each sample (red, rosé, sparkling, and white) were placed
into Teflon digestion vessels, concentrated to 1.0 mL, and
mixed with 3 mL concentrated HNO,. The sealed vessels were
digested for > 4 h until the solutions became nearly colourless.
After cooling, digests were transferred to 50 mL volumetric
flasks, rinsed with Milli-Q water, and diluted to volume. Prior
to potassium determination, solutions were further diluted
100-fold. All vessels and flasks were pre-cleaned with
5 % HNO, to avoid cross-contamination.

2.2. Determination of elemental concentrations

Twenty-seven elements (Na, Mg, K, Ca, Li, Al V, Cr,
Mn, Fe, Co, Ni, Cu, Zn, As, Mo, Sn, Sb, Ba, Rb, Sr, Y,
Cs, Ce, Pb, Th, and U) were quantified in wine samples
using ICP-MS (PerkinElmer Nexion 300X, USA) (Almeida &
Vasconcelos, 2003). Operating conditions followed previous
studies. Calibration was performed with mixed standard
solutions (Cu, Mn, Zn, Ba; V, Cr, Co, Ni, As, Pb; and Ca,
Mg, Na, 100 pg/mL each) and single-element standards
(1000 pg/mL) for the remaining elements. All analyses were
conducted in triplicate.

2.3. Measurement of stable isotope ratios

The stable isotope ratios of oxygen (6'*0) in water and carbon
(0"C) in ethanol from wine samples were expressed relative to
the international standard Vienna Pee Dee Belemnite (VPDB)
and calculated as:

0"0sample (%o) or 6"*Csample (%o) = [(Rs/Rst) — 1] x 1000

where Rs denotes the isotope ratio ('*O/'°O or BC/C) of the
sample, and Rst represents that of the standard. Results are
reported as d (%o) values relative to VPDB. The determination
of 00 and 0"C followed the referenced method
(Leder et al., 2021). Wine samples were directly injected
into an EA/LC-IRMS system (Delta V Advantage, Thermo
Fisher Scientific, USA). All measurements were performed
in triplicate. For quality control, a reference material was
analysed at the beginning and end of each sequence, as well as
after every eight samples.

2.4. Data analysis

All elemental and isotopic data (6'*C, 0'80) were merged
and standardised (z-scores) before analysis. PCA was first
applied to visualise clustering trends, followed by OPLS-DA
to enhance regional discrimination and identify key variables
(VIP > 1). Four supervised algorithms — Random Forest (RF),
Artificial Neural Network (ANN), Support Vector Machine
(SVM), and Recursive Partitioning Tree (R-Part) — were used
for classification, with 10-fold cross-validation to evaluate
accuracy and robustness. Data analysis and visualisation were
performed using R (mixOmics, randomForest, ggplot2) and
Python (Matplotlib) (Guo ef al., 2021).

RESULTS

1. Multi-element and stable isotope signatures
of wines from seven Xinjiang sub-regions

Significant spatial variations were observed in elemental
compositions among the studied Xinjiang wine sub-regions
(Table 2). Among alkali metals, Li concentrations differed
markedly, with Wujiaqu exhibiting the highest mean value
(112.81 + 32.10 pg/L), nearly twice that measured in Shihezi
(48.73£7.07 ug/L). Sodium concentrations were also relatively
elevated in Wujiaqu, whereas K reached its maximum level in
Kuerle (2034.48 + 124.63 pg/L), exceeding those recorded
in other regions. Alkaline earth metals showed moderate
interregional variability. Mg concentrations were highest
in Hami (169.38 + 28.96 pg/L), while Ca concentrations
exhibited less pronounced differences, with relatively higher
mean values in Changji, Wujiaqu, and Hami. Transition metals
displayed substantial spatial heterogeneity. Al concentrations
were notably higher in Changji (1047.46 + 440.70 ug/L) and
Wujiaqu (983.61 + 590.26 ug/L), whereas Kuerle showed
comparatively lower levels. Vanadium concentrations reached
their highest mean values in Heshuo, while Cr was most
enriched in Changji. Copper concentrations varied considerably
among regions, with the highest mean Cu level observed
in Hami (419.55 + 147.96 pg/L). Trace elements further
contributed to regional differentiation. Sr concentrations were
relatively higher in Hami and Wujiaqu, whereas Rb exhibited a
pronounced enrichment in Yanqi, contrasting with lower levels
in Hami and Wujiaqu. Stable isotope ratios also exhibited clear
spatial patterns. 0"*C values were most enriched in Kuerle
wines (—26.46 + 0.60 %o), while more negative values were
observed in Changji and Wujiaqu (approximately —28 %o).
0"0 values were highest in Heshuo, followed by Kuerle and
Waujiaqu, with lower values recorded in Shihezi and Yanqi.

2. Environmental drivers of isotopic enrichment
and elemental differentiation in Xinjiang wines

To investigate environmental controls on isotopic enrichment
and elemental differentiation among Xinjiang wines,
correlation analyses were conducted between geochemical
variables (27 elements and two stable isotopes) and key
climatic parameters (Table S1 shows), including mean
annual precipitation, evaporation, temperature, and sunshine
duration (Table 3). Both Pearson (r) and Spearman (p)
correlation coefficients were calculated to evaluate the
consistency of linear and monotonic relationships.

Among isotopic indicators, 6'0 showed a strong positive
correlation with annual evaporation (r = 0.626; p = 0.714),
whereas 6'°C exhibited a moderate positive correlation with
mean temperature (r = 0.472; p = 0.429). Several elemental
variables also displayed clear climatic sensitivities. Al was
strongly negatively correlated with temperature (r = —0.757;
p = —0.714). Na and Mg were positively associated with
sunshine duration, with Na showing r = 0.359 and p = 0.607,
and Mg showing r = 0.653 and p = 0.500. Overall, Pearson
and Spearman coefficients exhibited highly consistent trends
across variables.
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TABLE 2. Concentrations of 27 elements (mg-kg™') and two stable isotopes (%) in wine samples from seven Xinjiang sub-regions (mean = SD). (part 1/2)

_Mdm%”_m_“_ Shehezi (n = 46)  Wujiaqu (n = 130)  Changji (n = 30) Hami (n = 50) Kuerle (n = 20) Heshuo (n = 106) Yangi (n = 91)

Li 48.73 = 7.07¢ 112.81 + 32.10° 81.89 + 69.61% 62.16 + 26.35b 73.17 + 36.29% 58.24 £ 26.20 60.36 + 24.76%
Na 20.91 £ 8.33¢ 54.64 + 24.57° 28.40 = 7.07¢ 40.46 + 18.45 28.41 + 9.74¢ 39.70 + 13.02« 33.32 + 14.49+
Mg 119.90 £ 28.01¢ 151.22 + 32.59° 141.16 + 36.51¢ 169.38 + 28.96¢ 105.41 = 43.60¢ 138.21 + 19.23¢ 143.23 + 20.49¢
Al 504.24 + 313.33¢ 983.61 + 590.26 1047.46 + 440.70° 688.26 + 425.49b 279.18 + 109.59¢ 755.21 + 607.66>  694.81 + 391.23"

K 1514.77 + 360.44° 1887.93 + 588.33°%® 1736.38 + 707.29®®  1511.03 + 511.42° 2034.48 + 124.63> 1265.47 + 467.17> 1586.85 + 343.55°
Ca 68.32 + 6.80° 84.62 + 17.82® 93.28 + 80.81% 88.63 + 19.52b¢ 63.09 + 30.85¢ 72.99 + 20.97¢ 79.07 £ 11.98%®

\'% 4.96 £ 7.76%® 3.10 £ 3.81¢ 10.17 + 13.53¢% 14.88 + 12.53¢ 7.71 £ 4.67%® 30.37 + 26.89¢ 12.16 + 15.39b
Cr 14.84 + 4.04°b 16.02 + 8.93b¢ 46.31 + 61.06¢ 19.84 + 8.48¢ 8.24 + 3.78¢ 21.70 £ 8.72¢ 17.65 £ 7.98¢
Mn 1274.62 + 360.89>  1306.15 + 342.50>  1434.79 + 603.40«¢  1391.15 + 356.97>  627.70 + 245.23¢  1064.32 + 370.68> 1630.32 + 538.21¢
Fe 1369.05 + 1118.32° 2532.57 £ 1919.90° 1706.93 + 1090.91°6  2658.28 + 1789.12 2381.41 + 668.61> 1828.31 + 859.84> 2698.29 + 909.01¢
Co 3.26 + 0.78® 3.51 +£1.30° 4.06 = 1.29¢ 4.44 +1.72 1.29 + 0.54¢ 3.15+1.12%® 3.72 + 1.55¢b¢
Ni 15.91 £ 553> 20.47 + 6.66 29.59 + 15.81¢ 18.60 + 6.21°b 9.14 + 4.05° 19.25 + 10.95% 15.58 + 5.07°
Cu 124.77 + 30.35° 264.51 + 203.91¢ 49.63 + 39.94 419.55 + 147.96¢° 304.76 + 101.02¢ 162.68 + 113.86>  162.58 + 178.41%
Zn 457 .23 + 84.57b 488.00 = 170.82¢ 509.03 + 175.96< 371.33 + 190.94 134.39 + 83.35¢ 325.89 + 157.53>  464.49 + 256.75
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TABLE 2. Concentrations of 27 elements (mg-kg™") and two stable isotopes (%o) in wine samples from seven Xinjiang sub-regions (mean + SD). (part 2/2)

As
Mo
Sn
Sb
Ba
Rb
Sr
Y
Cs

Pb

Th

U
o1*C
6'%0

3.56 +2.72°
1.87 +3.33"
1.31 £ 1.41°
0.29 + 0.22<
77.41 = 28.78b

1375.19 + 444.72¢

104.54 + 33.67°¢
0.32 £ 0.25®
5.01 £ 1.24%
0.33 £ 0.33¢°
6.37 £ 3.73®
0.04 + 0.04°
0.17 £ 0.14¢

-27.15 £ 0.55¢°
4.55+1.71°

4.18 £ 1.50b
8.02 £ 12.48¢
4.15 £ 527
0.35 + 0.20¢
97.64 + 32.89¢
1070.93 + 376.35¢
208.16 + 59.32¢
0.71 + 0.45¢
1.91 + 1.22°

4+

0.46 + 0.45%

+

7.60 + 3.84°
0.07 £ 0.07¢
0.19 £ 0.21°
-28.00 = 0.72
6.15 £ 1.59®

3.67 + 2.49°
1.79 + 3.64°
16.99 + 21.58¢
0.25 £ 0.19°
94.81 £ 25.94¢

1489.45 + 566.85b¢

159.64 + 137.05>
0.73 £ 0.45¢
3.74 + 1.50®
0.48 + 0.56°
7.57 £ 5.49°
0.05 £ 0.05®
0.33 + 0.40°

-28.09 + 0.53®
4.76 + 2.56°

4.99 £ 0.95b¢
8.69 + 7.35¢
2.63 +2.08°
0.23 £ 0.20¢

67.63 + 17.75°
1049.31 + 581.97¢
223.24 + 4421

0.47 +0.21b

3.12 £ 2,69
0.60 + 0.34

4.20 + 2.48¢°

0.02 + 0.03°

0.20£0.11¢°
-27.59 £ 0.60°
5.67 £ 1.72®

1.82 + 1.36°
0.18 + 0.30°
570+ 2.29
0.01 £0.01°
42.25 + 17.33¢

1199.21 + 536.27
164.73 + 51.95

0.23 £ 0.15¢°
4.88 £ 1.85b¢
0.51 +0.3%*
3.93 +1.76°
0.09 + 0.09*
0.40 £ 0.22
-26.46 + 0.60°
6.63 + 0.37°

6.38 £ 2.74¢
1.43 + 3.44°
415+ 3.91¢
0.09 £ 0.16°
70.67 + 31.56

1269.99 + 480.71¢®

134.23 + 47.17¢
0.91 + 0.92<
4.22 + 1.88
1.20 £ 0.91¢
5.62 + 3.43®
0.16 +0.15¢
0.69 + 0.82°

-28.82 +1.18%®
7.48 + 2.40b

3.45+1.87°
0.55 £ 1.98®
7.63 £7.98°
0.15 + 0.22b
105.72 £ 59.84<

1633.77 + 829.63¢

143.75 + 48.3%°
0.50 + 0.35¢
15.55 £ 15.07¢
0.49 + 0.45°
9.05 + 6.76b
0.08 + 0.08°
0.21 £0.19°
-27.10 £ 1.39°
4.49 +2.91¢°
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TABLE 3. Pearson

and Spearman correlation coefficients between isotopic/elemental variables and climatic

parameters.

Variable Precipitation (r/p) Evaporation (r/p) Temperature (r/p) Sunshine (r/p)
Li 0.35/-0.14 0.18/0.32 -0.39/-0.32 -0.20/-0.07

Na -0.07/-0.39 0.32/0.29 -0.17/0.00 0.36/0.61

Mg 0.00/-0.07 0.12/-0.07 -0.23/-0.29 0.65/0.50
Al 0.52/0.46 -0.20/-0.21 -0.76/-0.71 -0.04/-0.14
K 0.11/-0.14 0.28/0.11 0.09/-0.18 -0.30/-0.36

Ca 0.32/0.21 0.03/-0.04 -0.46/-0.46 0.31/0.14

o13C -0.24/-0.46 0.06/0.00 0.47/0.43 -0.08/0.11

680 -0.46/-0.36 0.63/0.71 0.43/0.36 0.23/0.14

Note: Bold values indicate strong correlations (|r| or |p] > 0.6).

3. PCA and OPLS-DA analysis

To evaluate the discriminative potential of multi-elemental
and stable isotopic variables for differentiating the seven
Xinjiang wine-producing sub-regions, principal component
analysis (PCA) was first conducted on standardised data.
The PCA score plot (Figure 2) indicated that the first two
principal components explained 36.9 % of the total variance
(PC1 =19.8 %, PC2 =17.1 %). Samples from different sub-
regions were distributed across the PC1-PC2 space, showing
partial separation. Wines from Hami (HMI) and Kuerle
(KRL) formed distinct clusters along PC1, whereas Shihezi
(SHZ) and Wujiaqu (WJQ) partially overlapped, suggesting
similarities in their isotope-element fingerprints.

Shihezi
Wujiaqu
751 ® Changji
Hami
kuerle

Heshuo

5.0 Yang

251

0.0

PC2 (17.1%)

2.5

To improve regional discrimination, orthogonal partial least
squares-discriminant analysis (OPLS-DA) was subsequently
applied. The OPLS-DA model included one predictive and
one orthogonal component, with R*X = 0.143, R?Y = 0.166,
and Q*=0.151, indicating a modest but meaningful supervised
discrimination signal. Here, R>X and R*Y represent the
explained variance of the predictor matrix (isotope-element
variables) and response matrix (sub-regional classes),
respectively, whereas Q2 reflects cross-validated predictive
ability. Given the complexity of natural wine matrices and
partial overlap among some sub-regions, these values were
interpreted together with permutation testing, VIP-based
marker selection, PCA patterns, and machine-learning

PC1 (19.8%)

FIGURE 2. Principal component analysis (PCA) score plot of Xinjiang wines based on elemental and isotopic

compositions.
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classification results. The OPLS-DA score plot (Figure 3A)
showed improved separation along the predictive component
relative to PCA. HMI and Yanqi (YQ) samples tended to
cluster compactly, whereas SHZ, WJQ, and Changji (CJ)
exhibited partial overlap.

Variable importance in projection (VIP) analysis (Figure 3B)
identified the main discriminant variables (VIP > 1), including
alkali and alkaline earth elements (Li, Na, K, Sr), selected
transition/trace elements (e.g., Cu, V, Mn, As), and the stable
isotope 0"*0. Among these, Li, Na, K, and Sr consistently
ranked among the highest VIP scores. %0 also displayed a
high VIP value.

4. Integration of multi-elemental and isotopic
fingerprints for regional discrimination

To further evaluate the discriminative capacity of integrated
multi-elemental and isotopic fingerprints across the seven
Xinjiang wine sub-regions, four supervised classification
algorithms — Random Forest (RF), Artificial Neural Network
(ANN), Support Vector Machine (SVM), and
Recursive Partitioning (R-Part) — were applied. These
approaches are widely used for geographical origin traceability
in wine and other agricultural products, often providing
robust classification performance (Hassan et al., 2025;
LiJ. et al., 2025; Ranaweera et al., 2021a; Sun et al., 2022).
All models were trained using standardised elemental
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FIGURE 3. (A) OPLS-DA score plot showing the discrimination of wine samples from seven Xinjiang sub-regions based
on elemental and isotopic compositions; (B) Variable importance in projection (VIP) scores of the top 20 variables

contributing to the OPLS-DA model.
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and isotopic variables, and predictive performance was
assessed by cross-validation (Table 4). Among the tested
algorithms, RF achieved the highest overall classification
accuracy (92 %), followed by ANN (88 %), SVM (86 %),
and R-Part (79 %).

Across all models, a consistent set of predictors emerged
as major contributors to regional discrimination (Table 4).
Alkali and alkaline earth elements — particularly Li, Na,
and Sr — were repeatedly ranked among the top variables,
together with selected transition and trace elements (e.g., V,
Cu, Mn, As), and the stable isotope 0'*0. Notably, 6'30 was
frequently selected among the top contributors across RF,
ANN, SVM, and R-Part models.

DISCUSSION

1. Geochemical and climatic drivers of element-
isotope variability across Xinjiang sub-regions

The observed spatial variability in elemental composition
highlights the geochemical heterogeneity among Xinjiang
wine-producing sub-regions. The pronounced enrichment
of Li in Wujiaqu, together with elevated Na levels, may
reflect differences in geological background or irrigation
water composition, which have been reported to influence
alkali metal signatures in wines from arid regions
(Hu et al., 2019; Li Y. et al., 2023). In contrast, the high K
concentrations observed in Kuerle are consistent with
its distinct elemental profile and may be associated with
enhanced ion accumulation under dry climatic conditions
(LiY. et al., 2023). Moderate regional variability in Mg and
Ca likely reflects differences in geological substrate, soil
mineral composition, and irrigation-water sources. In our
dataset, the relatively overlapping Ca ranges indicate a more
conservative (less discriminant) behaviour of Ca compared
with more variable alkali-related markers. This interpretation
is consistent with previous multi-element wine traceability
studies showing that elemental profiles capture regional
geochemical signals relevant to origin discrimination
(Rapa et al., 2023). The strong heterogeneity observed for
transition metals, particularly Al, V, Cr, and Cu, further
emphasises the complexity of regional geochemical inputs.
Elevated Al levels in Changji and Wujiaqu are consistent with
areas influenced by loess-derived materials, while the higher
Cu concentrations detected in Hami may partially reflect
cumulative inputs from viticultural or winemaking practices,
in addition to natural background levels. Trace elements such
as Sr and Rb provided additional discriminatory power, as

their contrasting enrichment patterns among regions suggest
sensitivity to local soil and parent material characteristics
(Rapa et al., 2023). These elements have been widely
reported as robust geographical tracers in wine provenance
studies (Durante et al., 2016; Gonzalvez et al, 2009;
Pilgrim et al., 2010). Stable isotope results revealed coherent
climatic gradients across the study area (Gouveia et al., 2019;
Santesteban et al., 2015). The relatively enriched §'*C values
observed in Kuerle wines are consistent with increased
vine water stress and higher water-use efficiency, whereas
more negative 6"°C values in Changji and Wujiaqu suggest
comparatively less severe water limitation (Gao et al., 2025).
Similarly, the enrichment of 9'*0 in Heshuo and Kuerle aligns
with enhanced evaporative effects under arid conditions.
Collectively, 0"°C and 60 act as sensitive indicators of
regional water status, complementing elemental fingerprints
for differentiating Xinjiang wine sub-regions.

2. Climate-geochemistry interactions
underpinning regional chemical fingerprints

The strong positive association between 6'%0 and evaporation
supports the interpretation that oxygen isotope enrichment is
closely linked to evaporative processes under arid climates,
consistent with previous reports (Pang et al., 2011). In
contrast, the moderate positive correlation between §°C
and temperature suggests that warmer environments are
associated with less negative 0"°C values, likely reflecting
regional differences in vine water status; similar patterns
have been reported elsewhere (Kingston et al., 2025;
Pereira et al., 2025).

Elemental responses further indicate that climate-related
processes contribute to the observed chemical differentiation.
The strong negative relationship between Al and temperature
may imply reduced aluminosilicate-related inputs or altered
particle availability under warmer conditions. Meanwhile,
the positive correlations of Na and Mg with sunshine
duration suggest that enhanced solar radiation and associated
evapotranspiration may promote the concentration of
soluble elements in surface soils and water sources (Feng &
Xiang-Ling, 2025). The close agreement between Pearson
and Spearman coefficients indicates that these climate-
geochemistry relationships are largely linear or monotonic.

Collectively, these results highlight the prominent role of
climatic aridity — particularly evaporation, temperature
and solar radiation — in shaping isotopic enrichment and
elemental differentiation among Xinjiang wine-producing sub-
regions (Abdennour ef al., 2021; Feng & Xiang-Ling, 2025).

TABLE 4. Performance comparison of four classification models for regional discrimination of Xinjiang wines.

Model Cross-validation accuracy Top contributing variables
RF 92 % Li, Na, Sr, V, Cs, Cu, K, Mn, As, §'%0
ANN 88 % 6'%0, Li, Cs, Sr, V, Na
SVM 86 % Li, Sr, 6'%0, Cs, V, Cu
R-Part 79 % Sr, 6'80, Na, Cs
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Importantly, the climatic sensitivities revealed by correlation
analysis align with multivariate classification outcomes
(Table 4): variables strongly associated with climatic gradients
(e.g.,Li, Na, Sr, selected transition metals, and 6'30) consistently
ranked among the top contributors in Random Forest,
Artificial Neural Network, Support Vector Machine, and
Recursive Partitioning Models. This convergence between
univariate climatic correlations and multivariate discrimination
performance reinforces the central role of climate-geochemistry
interactions in defining regional chemical fingerprints and
provides a robust basis for provenance discrimination and
terroir characterisation of Xinjiang wines.

3. Interpreting PCA and OPLS-DA: key drivers
of sub-regional discrimination

The partial clustering observed in PCA indicates that
integrated elemental-isotopic features capture regional
geochemical differentiation to some extent, although
unsupervised separation remained incomplete. The overlap
between SHZ and WJQ may reflect shared climatic and
soil characteristics, particularly within oasis-irrigated
areas influenced by similar parent material composition
(Abdennour et al., 2021). These findings support the need for
supervised approaches to enhance discrimination accuracy
(Rapa et al., 2024).

OPLS-DA improved sub-regional separation and highlighted
a limited set of variables driving discrimination. The
prominence of alkali and alkaline earth elements (Li, Na,
K, Sr) suggests that regional geochemical background and
water-soil interactions contribute strongly to the observed
differentiation. In particular, Na and K — often sensitive to
evaporative concentration under arid conditions — supported
separation of samples from more arid basins, whereas
Sr, frequently associated with carbonate substrates and
groundwater inputs, provided additional discriminatory
power across alluvial settings. The appearance of transition
and trace elements (e.g., Cu, V, Mn, As) among top-
ranked variables indicates that multi-element fingerprints
reflect combined effects of natural geochemical variability
together with integrated vineyard-winemaking inputs, rather
than single-source controls. The high VIP value of ¢'%0 is
consistent with its sensitivity to regional climatic conditions,
especially evaporation intensity. Together, the concurrent
importance of 00 and climate-responsive elemental
variables supports the interpretation that climate-modulated
hydrological and geochemical processes jointly shape
regional wine fingerprints.

Overall, these multivariate patterns reinforce that both
geogenic and climatic factors underpin the elemental-
isotopic composition of Xinjiang wines, highlighting a
strong environmental imprint of regional terroir (Feng &
Xiang-Ling, 2025). However, the residual overlap among
neighbouring oasis regions suggests that viticultural
practices and irrigation management may partially obscure
purely geochemical differentiation (Cataldo et al., 2021;
Santagostini & Guglielmi, 2024). In a broader interpretation,
arid regions such as HMI and KRL tended to be characterised

by higher Na, K, 6"°C, and 6'30 values; oasis-irrigated areas
(SHZ, WIQ) by relatively elevated Sr, Ca, and Rb; and
central regions (CJ, YQ) by more balanced compositions
with lower isotope ratios. Collectively, the PCA and OPLS-
DA results provide a robust geochemical basis for regional
classification and origin authentication of Xinjiang wines, and
offer quantitative evidence to support terroir characterisation
and differentiated quality management within this rapidly
developing wine region.

4. Machine-learning integration of element-
isotope fingerprints for regional discrimination

The superior performance of RF suggests that ensemble-
based learning is particularly effective for capturing
complex, potentially non-linear relationships in high-
dimensional elemental-isotopic datasets. ANN and SVM
also achieved high accuracies, supporting the robustness of
supervised learning for sub-regional discrimination, whereas
R-Part provided a more transparent decision structure but
at the cost of reduced predictive performance. Despite
differences in model architecture and decision logic, the
convergence in top contributing variables indicates stability
and interpretability of the integrated modelling framework
(Ranaweera et al., 2021D).

The recurrent importance of Li, Na, and Sr highlights the
dominant influence of regional geochemical background and
water-related processes on chemical differentiation among
Xinjiang sub-regions (Abdennour et al.,2021). In parallel, the
frequent selection of 0'%0 across all classifiers indicates that
climate-sensitive isotopic signals — particularly those shaped
by evaporative conditions — provide strong discriminatory
power. When interpreted together with PCA and OPLS-DA,
the machine-learning results confirm a coherent multi-level
discrimination pattern: PCA captured the overall structure
of regional variability, OPLS-DA enhanced separation and
identified key discriminant variables, and RF delivered the
highest predictive accuracy, demonstrating complementary
strengths among unsupervised, supervised, and ensemble-
based approaches.

Overall, integrating elemental and isotopic information
with multiple supervised algorithms provides a robust and
reproducible framework for regional discrimination of
Xinjiang wines. The consistent identification of a limited
set of climate- and geochemistry-sensitive variables further
supports the suitability of multi-elemental and isotopic
fingerprints for terroir-oriented wine traceability in arid
continental viticultural regions (Feng & Xiang-Ling, 2025).

Nevertheless, several limitations should be acknowledged.
The present dataset covers seven major Xinjiang sub-
regions but excludes the Ili Valley; therefore, the conclusions
are most directly applicable to the sampled macro-zones
(Northern Tianshan, Yanqi Basin, and Tuha Basin). Intra-
regional heterogeneity (vineyard management, irrigation
regime, and cultivar composition) was not fully resolved
and may contribute to residual overlap among some groups
(Bai et al., 2025; Feng & Xiang-Ling, 2025). In addition,
all samples were from a single vintage (2022), and marker
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stability across years remains untested. Elemental profiles
in bottled wines reflect integrated vineyard and winery
inputs, with minor packaging effects. Although analytical
contamination was minimised (acid-cleaned vessels,
controlled Teflon digestion, triplicate QC), source attribution
to single environmental drivers should be interpreted
cautiously (Hu ez al., 2019). The ICP-MS panel also excluded
S and P, and no paired soil or irrigation-water samples were
available, limiting mechanistic apportionment. Comparisons
with published datasets and OIV limits are included as
context only, as this study targets origin authentication rather
than compliance testing. Future work should use multi-
vintage, paired soil-water-grape-wine designs and radiogenic
isotope systems (¥St/**Sr; Sr-Pb) to improve transferability
and terroir-oriented geotraceability (Epova et al., 2019;
Cellier et al., 2021; Erban Kochergina et al., 2024).
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