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Abstract
Purpose Soil heavy metal distribution is a key issue in environmental and health research. In recent years, an increasing 
number of anthropogenic disturbances have been identified on the Qinghai-Tibetan Plateau, leading to increased heavy metal 
contamination of soils. Therefore, this study investigated the distribution, sources, ecological risk, and prediction of heavy 
metals in soils on the Qinghai-Tibetan Plateau.
Material and methods Here, for each of the seven heavy metals (i.e., Cr, Ni, Cu, Zn, As, Cd, and Pb) investigated in the 
soil of the Qinghai-Tibet Plateau, we collected soil concentration values from the literature and carried out field sampling 
to generate new data. We then assessed the pollution characteristics and sources of soil heavy metals on the Qinghai-Tibet 
Plateau using geostatistics, positive matrix factorization model (PMF), disjunctive kriging, and mapped the pollution risk 
probability distribution of each heavy metal element.
Results and discussion Spatial autocorrelation was found for all seven heavy metals in the soils. Under different land-use 
types, the average concentrations of Cr, As, and Cd were highest in the water areas; Ni levels were highest in woodland; and 
Cu, Zn, and Pb concentrations were highest in residential, industrial, and mining lands. Using analysis by the PMF model 
and correlation analysis, four heavy metal sources were identified, including industrial sources and atmospheric deposition 
(Cd), traffic emissions (Cr, Zn, and Zn), natural sources (Ni and As), and mining activities (Cr and Pb). The pollution risk 
probabilities of Cr, Ni, Cu, Zn, As, and Pb were low in most areas of the Qinghai-Tibet Plateau, whereas the pollution risk 
probability of Cd was high over 29% of the area of the Qinghai-Tibet Plateau.
Conclusion The results highlighted no potential contamination for Cr, local potential contamination for Ni, Cu, Zn, As and 
Pb, while Cd exhibits more extensive contamination in the soils of the Qinghai-Tibet Plateau. Cd reduction should therefore 
be considered an important component of the strategy, policy, and action plan for soil pollution management on the Qinghai-
Tibet Plateau.
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1 Introduction

Environmental heavy metal (HM) pollution has become a 
serious problem worldwide, especially in China, where soil 
pollution is particularly serious. The 2014 National Soil 
Pollution Survey Bulletin shows that the total exceedance 
rate of soil pollution in China reached 16.1%, with inor-
ganic pollutants dominating, accounting for about 80% of 
the total pollution. HMs, among the most important inor-
ganic pollutants, are difficult to eliminate from soil or water, 
are persistent, and bioaccumulative, and pose a great threat 
to food safety and human health (Huang et al. 2018). HMs 
have now become a hotspot of concern for the general public 
and a primary problem that needs to be addressed urgently. 
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Therefore, it is particularly important to identify the spatial 
variability of HMs in soils and to identify their sources and 
the environmental risks they represent.

In recent years, researchers in China and abroad have 
conducted many studies on the spatial correlation and vari-
ability of soil HMs (Chandra et al. 2014; Wu et al. 2017; 
Yoon et al. 2022), mainly using a coefficient of variation, 
semivariance function theory, and analysis of scale variance 
methods to analyze the spatial correlation, spatial structure, 
variation pattern, and sources of soil HMs in the study areas. 
Recently, geostatistical methods have become more widely 
used in the study of the spatial distribution and risk assess-
ment of HMs (Lee et al. 2020). Ordinary kriging is able to 
achieve the best, unbiased estimation for unsampled areas 
and is the most commonly used method in spatial prediction. 
However, in practical applications of pollution assessment 
and risk management, the researcher may not be concerned 
with the HM concentration at a given location in space, but 
with the probability distribution of the risk above or below a 
certain threshold. The disjunctive kriging method can deter-
mine the risk probability of a single variable within a certain 
threshold (Goovaerts et al. 1997; Juang and Lee 2000) so 
that the environmental risk assessment of HMs estimated in 
this way has good application prospects.

In order to avoid the threats caused by HMs, it is impor-
tant to identify potential sources of contamination (Jin et al. 
2019). Available studies suggest that the spatial distribu-
tion of HMs in soils may be attributable to geological or 
anthropogenic sources (Hou et al. 2017). The distribution 
of naturally occurring HMs may be highly heterogeneous, 
with some land-use types showing significantly elevated 
HM concentrations. Human activities, including mining, 
manufacturing, agriculture, urban runoff, and atmospheric 
deposition, result in significantly elevated HM concentra-
tions in localized areas. To effectively control the health 
risks caused by HMs in soils, it is necessary to identify 
and quantify potential sources of contamination, especially 
those caused by human activities (Romic and Romic 2003). 
The positive definite matrix factor analysis model (PMF), 
recommended by the United States Environmental Protec-
tion Agency is widely used because its factor matrix is con-
strained to be non-negative, allowing more meaningful fac-
tors to be obtained (Tian et al. 2018). This model was first 
applied to the source analysis of the atmospheric particulate 
matter, but in recent years its use has been extended to the 
traceability studies of HMs in water, soil, and sediment, and 
the results have shown that the model can clearly identify the 
pollution sources and assign their contribution to each HM 
(Zhang et al. 2018; Chen et al. 2016).

The Qinghai-Tibet Plateau or Tibetan Plateau, known 
as the “third pole” of the Earth, is the region where the 
“air–water-ice-biospher” multi-layers are most fully 
reflected and where they interact most strongly, and its 

ecological function is an important barrier to ensure eco-
logical security in China and Asia (Wu et al. 2018; Guo et al. 
2018). Under the continuous influence of human activities, 
the land use of the Qinghai-Tibet Plateau has changed dra-
matically recently, and the changes in the degree of fragmen-
tation and aggregation, and the complexity of the landscape 
shape will further damage vegetation, water supply, and soil, 
leading to direct or indirect contamination of soil with HMs 
and increasing the possibility of redistribution and migra-
tion of these elements in the soil (Wu et al. 2016). HMs 
have been reported to have been detected in biota on the 
Qinghai-Tibet plateau, with relatively high levels of Cu and 
Zn, reaching maximum concentrations of 2.0 and 6.9 μg/g, 
respectively (Yang et al. 2007). HMs were also widely pre-
sent in different environmental matrices, with maximum 
concentrations of Cr and As reaching 155.54 and 19.27 mg/
kg in Tibetan soils. water samples from the Salween River 
contained high levels of Pb and Ni, with maximum values 
of 781 and 18 μg/L, respectively; and water samples from 
the Yarlung Tsangpo River contained high levels of Pb, Zn, 
and Ni, with maximum values of 130, 29, and 104 μg/L, 
respectively (Sheng et al. 2012; Huang et al. 2008). This 
shows that HM pollution of the Qinghai-Tibet Plateau cannot 
be ignored. However, current studies have mainly focused on 
studying the distribution of HMs in the environment of the 
Qinghai-Tibet Plateau, evaluating the environmental health 
risks caused by HMs; these results are highly diverse and 
fragmented, without providing sufficient information on the 
source identification of HMs in the soil of the Qinghai-Tibet 
Plateau, and prevent us from better understanding the cur-
rent ecological situation in the Qinghai-Tibet Plateau.

Based on the above background, this paper takes the 
HMs in the soil of the Qinghai-Tibet Plateau as the research 
object, combines the semivariance function theory and 
geostatistical methods together, gives full play to the func-
tionality of different methods, comprehensively analyzes 
the spatial correlations and the variability patterns of seven 
HMs in the soil of the Qinghai-Tibet Plateau, namely Cr, 
Cd, Cu, Pb, Zn, Ni, and As, and uses the PMF model to 
identify and quantify the potential HM pollution sources. 
The results may provide comprehensive information for an 
understanding of the distribution characteristics and sources 
of HMs in the soil of the Qinghai-Tibet Plateau and a basis 
for soil pollution prevention and control strategies in such 
high-altitude areas.

2  Materials and methods

2.1  Overview of the study area

The Qinghai-Tibet Plateau is located in the west of China 
(26°00’–39°47’N, 73°19’–104°47’E) and is the largest 
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plateau in China and the highest in the world (Fig. 1). The 
main vegetation landscape is alpine and alpine land, and the 
main climate type is plateau mountain climate with strong 
sunshine, and significant seasonal differences in dryness 
and humidity, with cool and rainy summers, and long, dry, 
and cold winters. The geology of the Qinghai-Tibet Plateau 
is complex, consisting mainly of clastic sedimentary and 
metamorphic rocks in the south, and volcanic rocks, clastic 
sandstones, shales, and marls in the north-central part (Li 
2010). With high to low altitudes, zonal soils such as cold 
desert soils, meadow soils, steppe soils, and yellow–brown 
soils are widely distributed on the Qinghai-Tibet plateau, 
with generally low development and predominantly physi-
cal weathering.

2.2  Sample collection and analysis

During the study period 2020–2022, we conducted field 
sampling in eastern Qinghai Province, central Tibet, and 
Gannan Tibetan Autonomous Prefecture. The actual geo-
graphic coordinates of the sampling sites were obtained 
using a handheld global positioning system (GPS), and 
each sample consisted of five subsamples, with > 1 kg of 
soil guaranteed at each location. During the sampling period, 
the ground at the sampling sites was dry, or the ground was 
dry for at least 7 days after rainfall. 42 topsoil samples were 
collected in the east of Qinghai Province, 34 topsoil sam-
ples were collected in central Tibet, and 50 topsoil samples 
were collected in Gannan Tibetan Autonomous Prefecture. 
The soil samples were naturally dried to remove debris such 
as plant residues and gravels, and the soil was ground and 
sieved through a 200-mesh sieve according to the quadrat 
method [25]. The soil samples were extracted with aqua 
regia and digested with an inductively coupled digestion 
instrument (Multiwave PRO) to a volume of 25 mL [26]. 

The samples were measured in parallel double samples at 
10% and the relative deviation should be less than 30%; the 
samples were analysed with 10% spiked recovery samples 
and the spiked recovery should be controlled between 70 
and 125%.

At the same time, we searched Google Scholars and Sci-
ence Net with the keyword “heavy metal,” “soil,” “heavy met-
als,” and “Qinghai Tibet Plateau”, and selected more than 70 
related papers. After sorting out the literature, we found that 
the geographic location of soil sampling in most of the litera-
ture was not clearly described (that is, there was no latitude 
and/or longitude). Finally, the data of Cu, Zn, and Pb in 168 
topsoil (0-20 cm), Cr, Ni, and Cd in 166 topsoil (0-20 cm), 
and As in 163 topsoil (0-20 cm) were collected (Table S1).

2.3  Analysis of semi‑variance functions

The semivariance geostatistical function model is a geo-
statistical analysis method and is the most commonly used 
metric to characterize the spatial variability of regionalized 
variables and was used to understand the multi-scale spa-
tial variability of soil HMs on the Qinghai-Tibet Plateau. 
The nugget parameter  (C0) represents the random spatial 
variance of soil HMs. The partial abutment parameter (C) 
indicates the structural spatial variance of soil HMs. A high 
bias abutment value implies that a large portion of the spatial 
variation is due to regional-scale influences. The sill param-
eter  (C0 + C) represents the total degree of spatial variability 
of soil HMs. The spatial variability can be classified accord-
ing to the ratio of the nugget parameter to the sill parameter 
(nugget gold coefficient). The nugget gold effect indicates 
the proportion of spatial variability caused by the random 
component to the overall variability. A nugget gold coef-
ficient of less than 25% indicates a strong spatial correla-
tion of soil HM elements; 25 to 50% indicates a significant 

Fig. 1  Study area and sampling sites
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spatial correlation of soil HM elements; 50 to 75% indicates 
a moderate spatial correlation of soil HM elements; greater 
than 75% indicates a weak spatial correlation of soil HM 
elements and the variability consists mainly of random vari-
ation (Burgos et al. 2006; Hu et al. 2018; Lin et al. 2018).

Since parametric statistical analysis requires data to be 
normally distributed, spatial analysis was preceded by the 
Shapiro–Wilk normality test. If Ps-w > 0.05, the data were 
considered to obey normal distribution; otherwise, data 
transformation was required. The semivariance function 
was calculated and fitted with GS + 9.0 software (https:// 
geost atist ics. com/).

2.4  Spatial autocorrelation analysis

Spatial autocorrelation analysis refers to the degree of corre-
lation between the values of the same attribute of a variable 
on neighbouring spatial units and includes both global and 
local spatial autocorrelation analysis. Global spatial autocor-
relation analysis uses Moran’s I index to reflect the spatial 
aggregation of soil HMs over the entire study area. Moran’s 
I is calculated as:

where I is the Moran index; n is the number of areas in the 
soil HM content space; xi is the elemental HM content of 
the soil in the ith region; xj is the elemental content of soil 
HMs in the jth area; x is the average of the soil HM content 
in the study area; Wij is the spatial weight matrix, generally 
a symmetric array.

Local indicators of spatial association (LISA) reflect the 
extent to which soil HM in one sampling area is related to 
that in neighbouring sampling areas. Moran’s I’s LISA is 
calculated as:

where S is the standard deviation of xi; Ii is the local spatial 
autocorrelation index.

The global spatial autocorrelation analysis is based on 
Moran’s I, which reflects the spatial distribution of HMs in 
the sampling area on the Tibetan Plateau, and ranges from 
[- 1, 1]. If Moran’s I is greater than 0, it means that there is a 
positive spatial correlation in the study area; if Moran’s I is 
less than 0, it means that there is a negative spatial correla-
tion in the study area; if Moran’s I is equal to 0, it means that 
there is no autocorrelation in the study area and the distribu-
tion is random. If Moran’s I is equal to 0, the study area is 
not autocorrelated and is randomly distributed.
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2.5  Source resolution model

The basic principle of PMF source resolution is as follows 
(Guan et al. 2018). Assume that the matrix X is the measured 
sample data, the matrix X can be broken down into a fraction 
matrix G and a load matrix F, and the residual matrix E rep-
resents the difference between the matrix Xij and the model 
matrix Yij. The basic equation is as follows:

where Eij is the residual matrix; Gih is the contribution of 
sample i in the hth source, which is the source fraction 
matrix, and Fhj is the concentration of pollutant j in source 
h, which is the source loading matrix.

The PMF model divides the experimental measured data 
into two matrices of contribution with coefficients (G) and 
number of factors (F), and, using the pollutant concentration 
and uncertainty of each sampling point, the measured data are 
weighted according to the weighting factor for each point to 
obtain the minimum objective function Q:

where Q is the cumulative residual, i is the number of samples, 
and j is the type of contaminant measured; p is the number of 
suitable factors found by the PMF model; F is the composition 
matrix for each source; G is the contribution matrix for each 
contaminant in the sample; and uij is the uncertainty for each 
sample/contaminant type, calculated as follows:

where RSD is the relative standard deviation of HMs con-
centration, LMDL is the method detection limit, and xij is the 
HMs sample concentration.

The signal-to-noise (S/N) ratio, which is the main diag-
nostic technique of the model, is able to indicate whether the 
variability in the measured values is real or a disturbance in 
the data. The smaller the S/N ratio, the more unstable this 
chemical element is in the model, and the less likely the sam-
ple will be detected. The factor number of the PMF modle is 
determined by the analytical results of several trials, errors, 
and relative changes in Q values (Reff et al. 2007).

2.6  Land cumulative index method

The ground accumulation index method takes into account 
the influence of natural diagenesis on the background values 

(3)
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and also the influence of anthropogenic activities on the 
environment (Müller 1969). It is calculated by the follow-
ing equation:

where Igeo is the ground cumulative index of HMs, Ci is the 
measured concentration of HM i, and Ci

n
 is the reference 

background value of HM i. In this paper, the background 
value of the soil environment on the Qinghai-Tibet Plateau 
is adopted as the reference value (Sheng et al. 2012), and K 
is used to eliminate the difference in background value that 
may be caused by the difference of rocks everywhere (gener-
ally taken as 1.5). The pollution levels are divided into seven 
levels, as shown in Table 1.

2.7  Disjunctive kriging

Using the disjunctive kriging technique, it is possible to 
obtain a conditional probability map of the measured indi-
cator variable being above a pre-determined tolerance level 
(threshold). It provides an estimate of the conditional prob-
ability that a random variable located at a point, or aver-
aged over a block in two-dimensional space, exceeds certain 
thresholds. It is assumed that the concentration of a radio-
nuclide is a realization of a random variable Z(x), where 
x denotes the spatial coordinates in two dimensions. If a 
threshold concentration, zc, is defined, marking the limit 
of what is acceptable, then the scale is dissected into two 
classes, which are less than and more than zc, respectively. 
The soil must belong to one of these classes at any one place. 
The values 0 and 1, respectively, can be assigned to the two 
classes, thereby creating a new binary variable, or indicator, 
which is denoted by Q[Z(x) ≥ zc] (Steiger et al. 1996; Lark 
and Ferguson 2004).

2.8  Data analysis

All statistical analyses were performed using SPSS 26.0 
(IBM SPSS Inc., Chicago, USA) and Origin 2019 (Origin-
Lab, Northampton, USA). PMF models were performed by 
EPA PMF v5.0 (USEPA, USA). Before performing the PMF 
models, the dataset was first examined to eliminate outli-
ers based on histograms and quartiles, since outliers have a 
significant impact on the PMF models. The spatial autocor-
relation of soil HM content was carried out using GeoDA 

(6)Igeo = log2
[

Ci∕
(

K × Ci
n

)]

spatial analysis software and the results were imported into 
ArcGIS 10. 4 (Esri Inc., California, USA) software for cor-
relation mapping. Kriging interpolation with ArcGIS10.4 
was applied to determine the spatial distribution of HMs 
and to provide information about the potential sources of 
soil contamination.

3  Results and discussion

3.1  Spatial distribution characteristics of heavy metals

The statistical results of the combined literature and sam-
pling data are shown in Table 2. The average concentrations 
of the seven HMs did not exceed the national soil environ-
mental quality standards (Ministry of Ecology and Environ-
ment of the People’s Republic of China 2018); the average 
concentrations of Ni, Cu, Zn, As, and Cd exceeded the soil 
environmental background values of the Qinghai-Tibet Pla-
teau (Sheng et al. 2012), with Cd (2.38 times the background 
value) being the most significant. Compared with the Chi-
nese soil background values (Wei et al. 1991), the mean 
concentrations of Ni, Cu, Zn, As, and Cd were higher, with 
As (2.19 times higher) and Cd (1.96 times higher) being 
significantly higher. Compared with the world soil back-
ground value (Bowen 1979), only the mean concentration 
of As exceeded the world soil background value, reaching 
4.37 times the background concentration.

The magnitude of the coefficient of variation of HMs con-
centration in the topsoil of the Qinghai-Tibet Plateau was 
Cd > As > Pb > Ni > Cu > Zn > Cr, in which the coefficient 
of variation of Cr was the smallest and belonged to moder-
ate variability (20–50%), whereas the coefficients of Ni, Cu, 
Zn, As, and Pb belonged to high variability (50–100%), and 
Cd belonged to extreme variability (> 100%), indicating that 
human activities may be the main factor causing the high spa-
tial heterogeneity of the elements Ni, Cu, Zn, As, Cd, and Pb.

3.2  Summary of heavy metal 
concentration geostatistics

3.2.1  Soil heavy metal spatial structural analysis

The results of the semivariance function fitting (Table 3) 
showed that four elements, Cu, As, Cd and Pb, fitted the 

Table 1  Classification of heavy metal pollution levels

Project Pollution level

Non-polluted Light pollution Moderate pollution Moderate–severe 
pollution

Severe pollution Severe–extreme 
pollution

Extreme pollution

Parameter  ≤ 0 0 < Igeo ≤ 1 1 < Igeo ≤ 2 2 < Igeo < 3 3 ≤ Igeo < 4 4 ≤ Igeo < 5  ≥ 5
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spherical model, whereas two elements, Ni and Zn, fitted 
the exponential model, while Cr fitted the Gaussian model. 
The residuals of the seven elements were all well below 
0.1, and the coefficients of determination were all greater 
than 0.5, indicating that the accuracy of each theoretical 
model met the requirements and each model explained the 
spatial structure adequately.

The spatial autocorrelation of Ni and As was strong, 
indicating that their spatial distribution patterns were less 
affected by human activities and showed strong spatial 
correlation, while structural factors, such as parent mate-
rial, topography, and soil type, were the main causes of 
the spatial variation of the two elements. The basal effect 
values of Cr and Cd were greater than 75%, which were 
dominated by random factors, indicating that the spatial 
variation of these two elements on the Qinghai-Tibet Pla-
teau was mainly caused by random factors, such as natural 
and human activities.

The variation range indicates the magnitude of the range 
of spatial autocorrelation, and the variables have spatial 
autocorrelation values within the range of variation, and 
vice versa. The variation range of the seven elements on the 
Qinghai-Tibet Plateau is Ni > Zn > As > Pb > Cd > Cr > Cu 
in descending order, among which the variation range of Ni 

is large, indicating that Ni has strong spatial autocorrelation 
over a large spatial range, whereas Cu has the smallest vari-
ation range and only has autocorrelation over a relatively 
small spatial range, so that the influence of local sources on 
Cu may be larger.

3.2.2  Spatial autocorrelation analysis of heavy metal 
content in soils

The results of the global autocorrelation analysis of soil HM 
element content on the Qinghai-Tibet Plateau are shown 
in Table 4. The Moran’s I for soil HM element content on 
the Qinghai-Tibet Plateau are all greater than 0. From a 
global perspective, the soil HM element content has a cer-
tain spatially positive correlation distribution, i.e. soils with 
high soil HM element content are surrounded by high soil 
HM element content, and soils with low soil HM element 
content are surrounded by low soil HM element content. 
It also indicates that there is a certain aggregation of soil 
HM elements in the study area, with high and low aggre-
gation of soil HM elements, where high values mean that 
the value in the sampling area is greater than the mean and 
low values mean that the value in the sampling area is less 
than the mean.

Table 2  Descriptive statistical characteristics of soil heavy metals on the Qinghai-Tibet Plateau (mg/kg)

a standard deviation
b coefficient of variation

Element Range Mean Median SDa CVb/% China Soil Environmental 
Quality Standards

Background value

Qinghai-Tibet 
Plateau

China World

Cr 9.78 ~ 429.00 84.1 55.3 243.0 289.0 250 77.40 61 70
Ni 4.08 ~ 285.10 32.3 25.4 29.6 91.9 190 32.10 26.90 50
Cu 5.97 ~ 107.90 22.5 20.0 11.5 51.4 100 21.90 22.60 30
Zn 25.94 ~ 574.38 94.0 76.7 74.6 79.3 300 73.70 74.20 90
As 1.83 ~ 172.69 26.2 17.5 28.6 109.0 25 18.70 11.2 6
Cd 0.03 ~ 2.04 0.2 0.1 0.2 114.9 0.6 0.08 0.097 0.35
Pb 4.20 ~ 153.90 30.0 24.5 21.5 71.6 170 28.90 26 35

Table 3  Fitting results of 
semivariance functions

Element Model type Nugget Sill Nugget gold 
coefficient

r2 Residual SS Range/m

Cr Gaussian 5.3114 6.0220 0.882 0.711 0.018 26700
Ni Exponential 0.0020 0.0107 0.186 0.742 0.000 856107
Cu Spherical 0.0704 0.1248 0.564 0.905 0.000 24800
Zn Exponential 0.0039 0.0086 0.454 0.907 0.000 70500
As Spherical 0.0264 0.1226 0.215 0.543 0.000 35800
Cd Spherical 0.0007 0.0009 0.769 0.885 0.000 32600
Pb Spherical 2.5022 4.3141 0.580 0.943 0.000 34189
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In order to verify whether Moran’s I was significant, the 
Monte Carlo iterative method was used to test the hypothesis 
of Moran’s I. The number of iterations was 999, and the 
results of the global autocorrelation of soil HM elements 
were obtained (Table 4): all Z-values were greater than 1. 96, 
and all P-values were less than 0. 05, indicating that the spa-
tial autocorrelation of Moran’s I was statistically significant.

The results of the local spatial autocorrelation analysis of 
the soil HM element content on the Qinghai-Tibet Plateau are 
shown in Fig. 2, which shows the different characteristics of 
the soil HM element content distribution. The five soil HM 
elements Cr, Ni, Cu, As, and Pb are low in content and low 
in surrounding content (low-low), mainly in the Huangshui 
basin and Gannan Tibetan Autonomous Prefecture. The five 
soil HM elements Cr, Cu, Zn, As, and Pb are high in and 
around (high–high), and these areas are mainly found in the 
Yarlung Tsangpo river basin. The low concentrations of soil 
HM elements surrounded by high concentrations (low–high) 
and high concentrations of soil HM elements surrounded by 
low concentrations (high-low), which are sporadically dis-
tributed around high-high or low-low areas respectively, indi-
cate a potential contamination risk in areas where low-value 
anomalies occur near high-value concentrations or high-value 
anomalies occur near low-value concentrations. The other 
areas are not significantly autocorrelated.

3.2.3  Distribution characteristics of heavy metals 
under different land‑use types

Figure 3 shows the basic distribution statistics of the seven 
HMs under different land-use types, which are represented 
by a split-edge violin plot. The land-use type database 
was revised based on the field survey sampling points and 
Google Earth images, and the land-use types were allocated 
into six categories, namely: (1) arable land, (2) woodland, 
(3) grassland, (4) water area (floodplain soil along a river), 
(5) urban, rural, and industrial and mining land, (6) unused 
land. The land-use types in the study area were mostly grass-
land and unused land, accounting for 48.85% and 32.87% 
of the total area of the Qinghai-Tibet Plateau, respectively, 

whereas arable land, woodland, water area, and urban, rural, 
industrial, and mining land accounted for 0.91%, 12.19%, 
5.71%, and 0.10%, respectively. Comparing the HM con-
centrations in the soil of different land-use types, the mean 
concentration of Cr in all six land-use types was lower than 
the background value of the Qinghai-Tibet Plateau soil, and 
those of Cr in woodland and water areas were higher than 
the world soil background values; the mean concentration 
of Ni in different land-use types is lower than the world soil 
background value (Fig. 3). Furthermore, the mean concen-
trations of Ni in arable land, forest land, water areas, and 
urban, rural, industrial and mining land were greater than 
the world soil background value. The mean concentrations 
of Cu and Zn in urban, rural, industrial, and mining land 
were much higher than those in other land-use types, which 
further proves that human activities may be the main factor 
causing the increase in Cu and Zn concentrations, probably 
influenced by agriculture, industry, and transportation. The 
mean concentration of As in all six land-use types exceeded 
the world soil background value, among which the mean As 
concentrations in grassland, water, urban, rural and indus-
trial, and mining land, and unused land exceeded the soil 
background value of the Qinghai-Tibet Plateau. The mean 
concentration of Cd in all the land-use types was higher 
than the soil background value of the Qinghai-Tibet Plateau, 
with the concentration in water being the highest, whereas 
the mean concentration of Pb in urban, rural, industrial, and 
mining land was the highest, exceeding the soil background 
values in the soil of the Qinghai-Tibet Plateau and the world 
soil background value (Fig. 3).

3.3  Source analysis of heavy metals

To effectively assign natural and anthropogenic sources 
to individual HMs, Pearson’s correlation analysis was 
used to initially determine the correlation between the 
concentrations of the seven HMs. Next, the PMF model 
was applied to assign and quantify the potential sources of 
HMs (Fig. 4). To validate the results of the source assign-
ments, the factor contributions of the PMF model were 
correlated with the Pearson correlation coefficients of the 
HMs (Fig. 4). The PMF model is a matrix analysis method 
based on iterative least squares, which discriminates the 
homologous information of each HM variable based on 
the value of the component’s loading contribution (Paatero 
1997). The difference between QRobust and QTure was mini-
mized when the number of factors was four. The majority 
of residuals followed a normal distribution between −3 
and 3. The (S/N) ratio of all seven HMs was defined as 
“strong”, and the coefficients of determination  r2 between 
observed and predicted concentrations were determined 
and were greater than 0.5 for all HMs except Cr, As, and 
Zn. Significantly related.

Table 4  Moran’s I of soil heavy metal content and results of Monte 
Carlo hypothesis test

Element Moran’s I Z P

Cd 0.139 4.279 0.001
Cr 0.207 6.085 0.001
Cu 0.146 4.655 0.001
As 0.203 6.146 0.001
Zn 0.147 4.347 0.001
Ni 0.061 1.997 0.034
Pb 0.358 10.416 0.001
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A significant correlation (r < 0.5) was observed in Pearson’s 
correlation coefficient matrix for HM concentration (Fig. 4c), 
which indicates a potential common source. Four factors 
(named Factors 1 to 4) were extracted from the PMF model, 
and their contribution percentages are shown in Fig. 4a. The 
PMF results indicate that the main loading element for Fac-
tor 1 was Cd and the main loading elements of Factor 2 were 
Cr, Cu, and Zn, whereas the main loading elements of Factor 
3 were As and Ni and the main loading elements of Factor 4 
were Cr and Pb (Fig. 4b).

The contribution of Factor 1 was 33.2% (Fig. 4), and the 
main characteristic element was Cd. Usually, atmospheric 
Cd deposition is an important source of soil Cd accumulation 

(Liu et al. 2018), and waste gas (oil and coal combustion and 
municipal waste incineration) emissions are the main source 
of atmospheric Cd pollution, among which industrial waste 
gas emissions from developing regions such as West Asia and 
South Asia will increase the Cd enrichment on the Qinghai-
Tibet Plateau through atmospheric transport (Dong et al. 
2015). Emissions from the Tibetan plateau itself cannot be 
ignored, and pollutants produced during industrial production 
can also contaminate the soil directly or indirectly (Cheng 
2003; Chen et al. 2017). Therefore, Cd contamination can be 
attributed to industrial sources and atmospheric deposition.

The contribution of factor 2 was 30.8% (Fig. 4), with 
the main characteristic elements being Cr, Cu, and Zn. The 

Fig. 2  Aggregation maps of local indicators of spatial association
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results of Pearson correlation analysis showed a significant 
positive correlation between these three elements, indicat-
ing that they may have similar or identical sources. It is well 
known that Cr, Cu, and Zn are all important marker pollut-
ants for motor vehicle emissions and brake pad wear, and are 
easily deposited and enriched in soil (Guan et al. 2017). The 
complexity of the current transportation network and regional 
connectivity in the Tibetan Plateau region is increasing (Zhao 
2002), and the tourism economy is also putting greater pres-
sure on the soil environment, with significant variability in 
soil trace elements along roadways. Therefore, Cr, Cu, and 
Zn can be categorised as traffic sources.

The contribution of Factor 3 was 2.6% (Fig. 4), and, in gen-
eral, the two elements As and Ni are related to lithogenesis and 
soil parent material (Zhang et al. 2016); Pearson’s correlation 
analysis showed a significant positive correlation between As 
and Ni concentrations, inferring that these two HMs have the 
same or similar sources. Some earlier studies have surfaced the 
geological formations of the Qinghai-Tibet Plateau and its evo-
lutionary history, with dramatic changes in parent rocks in the 

Kunlun, Qilian, and Himalayan mountain ranges, leading to a 
greater frequency and magnitude of changes in Ni and AS con-
centration levels and the phenomenon of background values of 
Ni and As in soils (Wu et al. 1992; Zhang et al. 2016). At the 
same time, geothermal activity has been shown to increase the 
enrichment of As in soils (Li et al. 2013). Therefore, As and Ni 
can be attributed to natural sources.

The contribution of Factor 4 was 33.4% (Fig. 4), and the 
main characteristic elements were Cr and Pb. The results of 
Pearson’s correlation analysis showed a significant positive 
correlation between the two elements. The spatial distribution 
of Pb–Zn ores on the Qinghai-Tibet Plateau has a certain regu-
larity and is concentrated in the Gangdis metallogenic belt 
and the Sanjiang metallogenic belt (Song et al. 2011). Among 
them, the Pb ore resources in the Gangdis metallogenic belt 
reach Gongbujiangda County in the east, Angren County 
in the west, and Zedang and Jiali Counties in the south and 
north. The Pb mineral resources of the Sanjiang metallogenic 
belt are located in the Hengduan Mountains area where the 
Nujiang, Lancang and Jinsha rivers flow together, spanning 

Fig. 3  Differences in heavy metal concentrations under different land-use types
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eastern Tibet, western Sichuan, western Yunnan, and south-
ern Qinghai (Cong et al. 2013; Gao et al. 2016), whereas the 
underground Pb concentration from industrial and mining 
purposes is the highest among the different land-use types. 
Chromite is one of the few types of minerals in severe short-
age in China, and Tibet is the main source of chromite in 
China, with the Bangong Lake-Nujiang River suture zone 
starting from Bangong Lake in the west and turning south-
east to extend out of Tibet along the Nujiang River valley 
through Changze and Dingqing, which is a remarkable zone 
with great potential for Cr–Ni mineralization. In recent years, 
with the implementation of the western development strategy 
of the central government and the opening of the Qinghai-
Tibet Railway, as well as a large number of infrastructure 
construction projects, the regional metal mineral resources 
of the Qinghai-Tibet Plateau have been effectively developed, 
but at the same time, it has also brought serious damage to the 
ecological environment of the Qinghai-Tibet plateau, which 
can easily lead to soil erosion, HM pollution of water and soil, 
and pollution of the surface environment. Therefore, Cr and 
Pb sources can be classified as mining sources.

3.4  Spatial distribution characteristics of heavy 
metal contamination probabilities

The probability of contamination by the seven elements, Cr, 
Ni, Cu, Zn, As, Cd, and Pb, in the soil of the Qinghai-Tibet 

Plateau, was analyzed separately by using the disjunctive 
kriging method, and the distribution maps of the risk prob-
ability of contamination of soil by individual HMs were 
generated. The evaluation results of the accumulation index 
of Cr, Ni, Cu, Zn, As and Pb under the six types of land 
use types is less than 0; a slight pollution by Cd is present 
in grassland, woodland, waters and urban, rural and indus-
trial and mining land, among which the accumulation index 
is highest in Urban, rural and industrial and mining land 
(Table 5). The seven elements are all at or below the light 
pollution level. Therefore, the HM concentrations corre-
sponding to Igeo = 0 were taken as the disjunctive kriging 
thresholds.

Areas with pollution risk probability values above 0.5 are 
usually defined as high-risk hotspots and the distribution of 
pollution probabilities for the seven HMs is shown below 
(Fig. 5). the pollution risk probabilities for Cr, Zn, and Pb 
do not exceed 0.5 and there are no significant high-risk areas 
for these three HMs within the Tibetan Plateau.

The high-risk hotspots for Ni and As are mainly concen-
trated in the northwestern, central and eastern parts of the 
Tibetan Plateau, with a patchy distribution. 8% of the total 
area of the Tibetan Plateau is covered by areas with a proba-
bility of contamination above 0.5 for Ni and 12% of the total 
area of the Tibetan Plateau is covered by areas with a prob-
ability of contamination above 0.5 for As. The Qinghai-Tibet 
Plateau is located in the collision zone of the Eurasian plates, 

Industrial activities
Atmospheric deposition

Traffic emission

Natural source

Mining activities

Fig. 4   Source apportionment of heavy metals in the study area. a 
The percentage of contribution for each factor by the PMF model. b 
Factor profiles of HMs in soils from the PMF model. c Identification 

of the correlations between HMs by combining Pearson’s correlation 
coefficient analysis and the PMF model

2211Journal of Soils and Sediments  (2023) 23:2202–2215

1 3



and the abundant thermal spring activities and relatively As-
enriched soils and rocks are highly likely sources of As. In 
Tibet alone, there are nearly 700 hydrothermal activity areas 
with particularly high As concentrations, and the distribution 
of As under different land-use types also indicates that the 

highest As concentration is found in water areas (Fig. 3). The 
Bangong Lake-Nujiang suture zone in the northwest is an 
important suture zone in the northern Qinghai-Tibet Plateau, 
where a large number of Ni-rich sulfide ultramafic rocks 
exist. The central region, located in the East Kunlun region 

Table 5  Soil accumulation 
index of heavy metals in the 
Qinghai-Tibet Plateau

Elements Grassland Woodland Arable land Waters Urban, rural, and industrial 
and mining land

Unused land

Cr –1.37 –0.99 –1.14 –0.90 –1.16 –1.03
Ni –0.93 –0.86 –0.82 –0.70 –0.77 –0.79
Cu –0.71 –0.61 –0.56 –0.68 –0.64 –0.65
Zn –0.51 –0.34 –0.51 –0.69 –0.11 –0.78
As 0.59 –1.08 –0.98 –0.01 –0.48 –0.86
Cd 0.08 0.55 –0.01 0.28 0.91 –0.07
Pb –1.45 –0.74 –1.74 –1.13 –0.55 –0.98

Fig. 5  Probability distribution of pollution risk of heavy metals in soils on the Qinghai-Tibet Plateau
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of Qinghai Province, is rich in mineral resources, and a large 
number of Ni ores have been found throughout the region, 
and crustal extrusion and frequent geothermal activity have 
led to the northwest and central regions of the Tibetan Pla-
teau being identified as Ni- and As-enriched hotspots.

Cu has the smallest area of high-risk hotspots, mainly in the 
cities of Shigatse, Shannan, and Linzhi, where dense population 
and heavy transport accelerate the enrichment of Cu in the soil.

The areas with a pollution risk probability of more than 0.5 
for Cd account for 29% of the total area of the Tibetan Plateau 
and are mainly concentrated in the central, western, and eastern 
parts of the plateau. In recent years, industrial expansion has 
continued on the Tibetan plateau, investing in large-scale energy 
development and consumption, and cadmium, a major pollutant 
from industrial activities, can have an impact on the fragile eco-
logical environment in and around the region. It is unlikely that 
all of the Cd in the soil comes from the plateau because on the 
plateau itself, there is little industry or agriculture, each of which 
is small in scale, and there are no obvious environmental pol-
lution problems yet. It is possible that the Cd in the soil comes 
from the periphery of the plateau, which should be examined in 
terms of atmospheric deposition, the input of which has become 
a key process in the accumulation of Cd on the Qinghai-Tibet 
Plateau (Dong et al. 2015; Zhang et al. 2019; Xiao et al. 2000; 
Kerr 1979). This view has been supported by numerous stud-
ies, and the high elemental Cd content found in the sediments 
of Ximen Co lake on the Tibetan Plateau is due to the fact that 
anthropogenic pollutants in atmospheric aerosols from the west 
and South Asia can be carried to the Tibetan Plateau under the 
influence of the southwest monsoon (Yuan et al. 2014). Histori-
cal changes in Hg over the past 500 years were reconstructed 
from ice cores-lake cores on the Tibetan Plateau, indicating that 
anthropogenic emissions of pollutants from South Asia are the 
main cause of the rapid increase in atmospheric Hg deposition 
fluxes on the Tibetan Plateau (Kang et al. 2016). The results 
of atmospheric backward trajectories show that Gurenhekou 
Glacier and Yulong Xueshan are mainly influenced by inputs 
from the southwest and southeast air masses, with Gurenhekou 
Glacier being a possible potential source of trace elements due 
to its anthropogenic inputs from South Asia, in addition to pos-
sible influence from local industrial activities, resulting in higher 
levels and enrichment of Cd elements (Li et al. 2021). On the 
periphery of the Qinghai-Tibet Plateau, countries such as Iran 
and Kuwait from West Asia are important producers of oil, while 
India and Pakistan in South Asia have experienced rapid eco-
nomic growth in recent decades, and the energy production and 
consumption required for the rapid development of these emerg-
ing economies is likely to lead to an upward trend in environ-
mental pollution. In these processes, polluting the environment 
by emitting contaminated gases, metals, and organic compounds 
into the atmosphere results in pollutant transportation by west-
erly air currents and South Asian monsoon air currents, both of 
which reach the Qinghai-Tibet Plateau.

4  Conclusion

In this study, a methodology including semivariance func-
tion, the PMF source analysis model, and disjunctive krig-
ing was integrated to determine the quantitative sources and 
risk areas of HMs in the soils of the Qinghai-Tibet Plateau 
based on the summary of previous research results. The mean 
concentrations of Cr, Ni, Cu, Zn, and Pb in the soils of the 
Qinghai-Tibet Plateau were mostly at low levels, although 
there were significant differences in the concentrations of 
seven HMs in soils of areas with different land-use types. 
Spatial autocorrelation was found for all seven heavy metals in 
the soils. Furthermore, through PMF model analysis and cor-
relation analysis, four possible sources were identified. The 
risk probability of specific soil contaminations was evaluated 
using the disjunctive kriging method, which showed that Cr 
had no potential contamination, Ni, Cu, Zn, As, and Pb had 
potential contamination in localized areas, and Cd exhibited 
more extensive contamination. This indicates that Cd is the 
main pollutant in the soil in this region and that its reduction 
should be made an integral part of strategies, policies, and 
action plans of soil pollution management programs on the 
Tibetan Plateau.

Overall, this study provides useful information for identi-
fying possible sources and areas of soil HM contamination 
on the Qinghai-Tibet Plateau, which will be useful for for-
mulating targeted policies and measures for its reduction by 
HMs of the soil environment of the Qinghai-Tibet Plateau. 
This research can also give a contribution to promoting soil 
remediation and providing effective management recom-
mendations for decision-makers.
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